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Abstract of the Dissertation
Understanding the Impacts of Sub-Inhibitory Concentrations and Clinical Use of
Beta-lactam Antibiotics on the Evolution of Beta-lactamase Resistance Genes

by
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Doctor of Philosophy in Evolutionary Biology
University of California, Merced 2018

Committee Chair
Juan C. Meza

Antibiotic resistance continues to be a major challenge we face today. Scientists
and medical professionals are competing against a microbial evolutionary time
bomb. The alarming increase in the number of deaths caused by multi-drug
resistant infections (1) and the decrease in development of reliable treatment
regimens is disturbing. Historically, most studies focus on the effects of fatal
concentrations of antibiotics on the evolution of antibiotic resistance (2). Focusing
on high antibiotic concentrations limits our understanding of antibiotic resistance
and how its evolution is established. Especially since it has been shown that
there is a greater selection of resistant bacteria at sub-lethal concentrations of
antibiotics (3). Our main goal is to further investigate the impacts of sub-inhibitory
concentrations of antibiotics on antibiotic resistance evolution. To do this, we
studied two genes that confer resistance to f-lactam antibiotics,blarem-so and
blatem-ss. We created adaptive landscapes from each of the 16 alleles of every
combination of the four amino acid substitutions in each gene using bacterial
growth rates as a measurement of fitness. We have shown that the topography of
these adaptive landscapes depend on the type, and concentration, of the 3-
lactam antibiotic treatment (4). We also developed a rational design of antibiotic
treatment plans based on mathematical models of the adaptive landscape data.
We found that by cycling between structurally similar antibiotics, there is a 60%-
100% probability of returning to a more-susceptible state. This is a favorable
result for laying a foundation to use antibiotic cycling to help alleviate the effects
of antibiotic resistance, which has recently shown promising (5) (6). Furthermore,
we investigated the evolution of resistance within a local hospital by studying the
trends in resistant phenotypes of patient isolates (7). We found there was no
significant trend in antibiotic resistance occurring in the hospital, and suspect that
the community contributes the majority of the selective pressures leading to
multidrug resistant pathogens. Using our novel mathematical models, we were
able to successfully predict the resistance genes that were present in the hospital
and, by using genomic sequencing data; we confirmed the presence of these
resistance genes. These studies show that sub-inhibitory concentrations of
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antibiotics, present in the environment, accelerate the diversity of antibiotic
resistance genes. Also, we found that antibiotics used within the hospital do not
impact the evolution of antibiotic resistance within the hospital. Altogether, we
have 1) shown that sub-lethal concentrations of -lactam antibiotics have an
effect on the evolution of g-lactamase resistance genes, 2) developed
mathematical models that can be used to lay a foundation for antibiotic cycling,
and 3) developed a tool for hospitals to assess the transmission of antibiotic
resistance trends using phenotypic data.
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Chapter 1: Introduction

Why is Antibiotic Resistance a Problem?

Antibiotic resistance is an emerging public health concern (8, 9). From an
economic and an agricultural standpoint, antibiotic resistance has been a major
problem across the board (10). First, antibiotic resistant infections have become
increasingly fatal. In 2007, a study showed the emergence of extensively drug-
resistant tuberculosis (XDR-TB) in 47 countries worldwide, meaning the strains
were resistant to over three out of the six available classes of antibiotics available
to treat tuberculosis (11). Currently, antibiotic resistance claims the lives of over
50,000 people annually across Europe and the U.S. If there are no additional
precautionary measures taken, this number is estimated to skyrocket to over 10
million people annually worldwide by the year 2050 (12).

Secondly, antibiotics are being misused and over-prescribed. The Centers
for Disease Control and Prevention (CDC) report that the overuse of antibiotics
heavily contribute to the development of antibiotic resistance (13) and it has been
shown that over half of all antibiotics are mis-prescribed (14). One U.S. study
reported that a pathogen was tested in only 7.6% of 17,435 patients hospitalized
with community-acquired pneumonia (15), yet all had been treated with
antibiotics. This means that only 7.6% of the patients even had a bacterial
infection to begin with. In many countries outside of the United States, antibiotics
can be purchased without a prescription. A study in 2010 showed that up to 95%
of adults who live in or have traveled to India, Pakistan or the UK, carry a multi-
drug resistant Enterobacteriaceae that contain a resistance gene called New
Delhi metallo-p-lactamase-1 (NDM-1)(16). Most of the isolates they identified
carried the NDM-1 gene on a plasmid, which means that it is easily transferable
to other bacteria.

Finally, antibiotics are used in agriculture to promote growth and prevent
disease (17). Although agricultural use of antibiotics has decreased over the past
few years, it has been a major driving force of resistance worldwide. A public
health review gives four reasons for this; 1) agriculture is the largest consumer of
antibiotics worldwide, 2) most of the use of antibiotics in agriculture results in
bacteria being exposed to sub-inhibitory concentrations, 3) antibiotics of every
significant class are used in agriculture, and 4) humans are exposed to the
antibiotic-resistant pathogens through the consumption of animal products (18).

Another public health study explains that antibiotic resistant bacteria, such
as Escherichia coli, Salmonella spp. and enterococci from livestock can colonize
and infect humans through occupational contact or consumption (19). Even with
the recent push for organic foods, it has been shown that there is an increase in



antibiotic residues and antibiotic resistance genes found in manure-based
commercial organic fertilizers used on agricultural crops (20).

In part for the reasons stated here, and the recent emergence of life
threatening diseases caused by multi-drug resistant bacteria (21, 22), there is
renewed interest on studies of the development and evolution of antibiotic
resistance. In particular, scientists are now focusing on ways we can prevent
resistance and preserve the effectiveness of antibiotics. In 2007, a study
highlighted the need for regular monitoring of antibiotic susceptibility rates in
various populations of humans and animals, which would help identify applicable
factors that contribute to the diversification of resistant pathogens (23-25). A two-
part review released in 2005, summarizes the global trends of antibiotic
resistance and presents several containment strategies, such as antibiotic
cycling or combination therapy, and programs such as the Integrated
Management of Childhood llinesses and Directly Observed Short-Course
Therapy that have shown to positively influence the decrease in resistance
prevalence (24, 25).

History of Antibiotics and Antibiotic Resistance

The story of antibiotics has its start in ancient times (26). Traces of
tetracycline have been found in human skeletal remains dating back to 350 — 550
A.D. from ancient Sudanese Nubia (27). Another study showed evidence of
tetracycline present in human femoral samples dating back to the late Roman
period (28). However, it wasn’t until 1928 that Sir Alexander Fleming discovered
the miracle drug, Penicillin, that would make human and medical history (29). Dr.
Fleming found that the mold Penicillium naturally produced a substance that
killed the bacteria around it, thus naming this naturally produced substance,
Penicillin (30).

Many living organisms, including humans, naturally produce antimicrobial
agents to defend and protect themselves from pathogenic bacteria. For example,
peptides that have the ability to inhibit growth of pathogenic bacteria have been
identified in the mammalian innate immune response system act as natural
antibiotics and signaling molecules that activate host cell processes (31). Another
antimicrobial peptide, human p-defensin-3 (hBD-3) isolated from human skin,
demonstrates broad-spectrum antimicrobial activity again many pathogenic
bacteria, including multi-resistant staphylococcus aerus (MRSA) and
vancomycin-resistant Enterococcus faecium (32). Even bacteria themselves
produce antibiotics to fight off other bacteria that are trying to evade or jeopardize
their populations. An example of this is a marine bacteria that produce antibiotics
that fight against fish pathogens (33). The presence of antibiotics adds selective
pressures for the expression and evolution of antibiotic resistance genes.
Phylogenetic reconstruction of antibiotic resistance genes has shown the



presence of serine and metallo-p-lactamases originating over two billion years
ago (34, 35).

Although the purification and mass production of Penicillin did not come
about until 1943, bacterial populations conferring resistance to penicillin had
already existed (36). In fact, it has been shown that many antibiotic resistance
genes have a long evolutionary history, dating back to before this new ‘antibiotic
era’ (26, 37). Antibiotic resistance is a natural part of evolution. It is survival of the
fittest. Many life-threatening resistant infections today, are simply bacterial
populations that are evolving the ability to survive in the environments they are
exposed to (21, 22). Even though antibiotic resistance has been around for
centuries, the majority of the human population is unaware of how dire this
potentially fatal health crisis is.



Antibiotic Classes and Mechanisms of Action

Antibiotics are classified into groups based on their molecular mechanism
of action (38). There are three main targets for antibiotics 1) cell wall
biosynthesis, 2) protein biosynthesis, and 3) DNA replication and repair (Figure
1-1.

1) Cell wall biosynthesis
B-lactams

Glycopeptides

Cephalosporins

2) Protein biosynthesis
Macrolides
Tetracyclines
Aminoglycosides
Oxazolidinones

3) DNA replication and repair
Fluoroquinolones

Figure 1-1 Targets, mode of action, and mechanisms of the main classes of
antibiotics

Cell-wall biosynthesis: p-lactam antibiotics bind to the transpeptidase
preventing peptides in the peptidoglycan layer from cross-linking. Protein
biosynthesis is targeted by several classes of antibiotics; macrolides,
tetracyclines, aminoglycosides and oxazolidinones. These antibiotics block one
or more steps involving rRNA and ribosomal proteins at the peptidyl transferase
center. Fluoroquinolone antibiotics directly inhibit DNA synthesis by binding to the
DNA complex.

Antibiotics are divided into classes based on three main targets. 1) The f3-
lactam ring presented in § -lactams and cephalosporins inhibit bacterial cell wall
synthesis by binding to the transpeptidase. The transpeptidase is responsible for
cross-linking the peptides in the peptidoglycan layer of the bacterial cell wall. The
peptidoglycan layer cannot completely form when inhibition of the transpeptidase



occurs, and therefore, cell-wall biosynthesis is prevented. 2) Macrolides,
tetracyclines and aminoglycosides inhibit protein synthesis by blocking one or
more steps involving rRNA and tRNA (39). 3) Fluoroquinolones work by
interruption of DNA replication by stabilizing DNA strand breaks created by DNA
gyrase and topoisomerase |V (40). Regardless of the mechanism of action of an
antibiotic, once they are released and publicly used, bacteria quickly evolve
resistance to them. In fact, significant clinical resistance typically appears
anywhere from months to a few years after the release of an antibiotic (41)
(Figure 1-2).

Clinical Introduction of Antibiotic

Tetracycline

Chloramphenicol Vancomycin

Streptomycin Ampicillin Daptomycin
Erythromycin | Linezolid Ceftaroline
Methicillin
1
1940 1950 1960 1970 1980 1990 2000 2010

Chloramphenicol

| Methicillin Ampicillin Erythromycin
Streptomycin Vancomycin Daptomycin
Tetracycline

Linezolid| Ceftaroline

Antibiotic resistance observed

Figure 1-2: History of antibiotic development and sequence of antibiotic
resistance.

Sub-inhibitory Concentrations of Antibiotics and the Effects on the Evolution of
Antibiotic Resistance

Sub-inhibitory concentrations, or sub-MIC (minimum inhibitory
concentration), by definition, allow susceptible bacteria to continue to grow in the
presence of an antibiotic. This can lead to a decrease in growth rate, as
compared to the absence of antibiotics, but this continued growth is an important
aspect of the antibiotic resistance crisis we face today. Some reviews done by
Andersson and Hughes show that the effects of sub-lethal concentrations of



antibiotics have a greater impact on the evolution of antibiotic resistance as
compared to lethal concentrations of antibiotics. (2,3,43). This is important
because sub-lethal concentrations (typically ranging from 0.0029 pg/mL up to
19.2 ug/mL, depending on the type of antibiotic) have been identified in many
natural environments such as wastewater treatment plants and soil (44-47);
effluent water supplies from hospitals (48, 49); swine, poultry, beef, tilapia (50,
51) (52); and even humans (51) (53). These sub-lethal concentrations of
antibiotics present in the environment and the food we eat can accelerate the
emergence and evolution of resistant bacteria (54).

Emerging studies also show the impact of sub-inhibitory concentrations of
antibiotics present in the environment. For example, because of the prophylactic
use of antibiotics in aquaculture, resistance genes in pathogenic bacteria in fish
have been found to harbor resistance genes pathogenic to humans as well (55).
Tetracycline resistance genes have also been identified in fish farming
environments (56). In 2003, bacteria carrying resistance to p-lactam antibiotics
have even been found in wastewater, surface water and drinking water biofilms
(57). These studies highlight the importance of understanding the effects of sub-
lethal concentrations of antibiotics in the environment, not only on resistant
bacteria, but also on individual resistance genes that confer the resistance.

B-Lactam Antibiotics and the Evolution of p-lactamase Resistance Genes

The class of p-lactam antibiotics is characterized by their p-lactam ring,
which inhibits bacterial cell wall synthesis. The p-lactam ring irreversibly binds to
the transpeptidase that cross-links the peptidoglycan layer in the cell wall. -
lactam antibiotics are the most heavily used antibiotics due to their low toxicity to
the human body, high efficacy, and low cost. This class includes penicillins,
penicillin + inhibitor combination treatments, and cephalosporins, which can be
further divided by generations (1°- 4™ based on their spectrum of activity against
gram-negative bacteria. Because of the widespread use of p-lactam antibiotics,
bacteria have evolved p-lactamase gene encoding — an enzyme that hydrolyzes
the p-lactam ring of the antibiotics rendering them inactive (58). f-lactamases are
the most thoroughly studied antibiotic resistance genes today and are widely
distributed among gram-negative and gram-positive bacteria (6, 59-68). These
genes have been around for centuries, but have been relatively rare, until the
introduction of penicillin and other p-lactam antibiotics (69).

There are many varieties of the -lactamase enzyme, which are divided
into three groups based on their phenotype and catalytic activity (70). Group 1 is
cephalopsorinases, which are encoded onto the chromosome of
Enterobacteriaceae and a few other organisms. Group 1 p-lactamases are more
active at hydrolyzing cephalosporins and are typically resistant to inhibitors.
Plasmid-mediated p-lactamases within group 1 include: CMY (71), FOX (72) and



MIR (73) among others. Group 2 are serine p-lactamases and represent the
largest group of p-lactamases due to the increasing identification of extended-
spectrum p-lactamases (ESBL) over the past two decades. Group 2 is further
sub-divided into over 10 groups based on their inhibition activity and include
some of the most common plasmid-mediated p-lactamase genes such as TEM
(60), CTX-M (66), SHV (74) and OXA (75). Group 3 are the metallo-p-lactamases
(MBL’s), which are unique in that they are typically produced in combination with
a second or third p-lactamase and require a zinc ion at their active site (70).
Some plasmid-mediated MBL’s that have been globally isolated are IMP (76) and
VIM (77).

TEM p-lactamases belong to Group 2 serine p-lactamases and originated
in Greece in 1963. This family of f-lactamases was named after Temoneira, the
woman from whom the first penicillin-resistant organism carrying the gene, TEM-
1, was isolated (35). TEM p-lactamases are the most abundant resistant gene
found in gram-negative bacteria today and have evolved to over 220 variants
(78). TEM-1 originally conferred resistance to only penicillin, but variants have
evolved resistance to cephalosporins (ESBL’s), such as TEM-85 (isolated in
2005), and are even inhibitor resistant. In fact, TEM-50, originally isolated in 1997
from a leukemic patient, is considered the first complex mutant TEM (CMT),
meaning that it contains mutations that confer resistance to both cephalosporins
and inhibitors (79).

TEM-50 and TEM-85 are unique in that they both are four amino acid
substitutions different than TEM-1 (Figures 1-3 and 1-4). In addition, more than
half of the combinations of the four amino acid substitutions in each gene have
been clinically isolated, making them ideal candidates for evolutionary studies.



Figure 1-3: Ribbon structure of TEM-50 enzyme.

Amino acid substitutions M69L, E104K, G238S and N276D are
highlighted in blue. The ligand SO, is in yellow/red to show enzyme
orientation. (https://www.ncbi.nlm.nih.gov/Structure/icn3d/full.html?c
omplexity=3&buidx=1&showseq=1&mmdbid=127472)



Figure 1-4: Ribbon structure of TEM-85 enzyme.

Amino acid substitutions R164S, E240K and T265M are highlighted
in blue. The amino acid substitution L21F is present in the enzyme
but not shown in the figure. The ligand SO is in yellow/red to show
enzyme orientation.
(https://www.ncbi.nim.nih.gov/Structure/icn3d/full.html?complexity=
3&buidx=1&showseq=1&mmdbid=127472)




Chapter 2: Adaptive Landscapes of Resistance
Genes Change as Antibiotic Concentrations
Change

Introduction

Bacteria are routinely exposed to a broad range of antibiotics that are present in
a wide spectrum of concentrations due to their differential accessibility in the
tissues of patients undergoing antibiotic therapy and in the environment outside
the human body from the breakdown of antibiotics and their presence in
agricultural runoff, wastewater, and food (80). This occurrence has been heavily
documented (81, 82). For example, antibiotics, along with other organic
wastewater contaminants, have been found in 98.7% of water samples collected
outside of suburban areas in the United States (83). Sub-lethal concentrations of
antibiotics are present in wastewater throughout the world, ranging from 1pg/L to
64 ug/L in wastewater treatment plants and hospital effluent water supplies (84),
(83). The antibiotics cannot be completely filtered out of the water before it is
used for agriculture, which delivers low concentrations of antibiotics to crops and
farmland (84). Also, some ranchers and farmers use antibiotics to promote lean
muscle production in animals, which accounts for up to 13% of antibiotic use (81,
82). Considering the extensive use of antibiotics in clinical and agricultural
environments, it is not surprising to find evidence that sub-lethal concentrations
of antibiotics are important selective pressures acting upon bacteria (85). There
is abundant evidence that sub-lethal concentrations of antibiotics in the
environment contribute to the increased frequency of antibiotic resistance
mutations among microbial populations. Since sub-lethal concentrations of
antibiotics have been established as important environmental selective pressures
upon antibiotic resistant bacteria, we questioned how varying concentrations of
B-lactam antibiotics would affect the genetic outcome of the evolving TEM
resistance genes.

The B-lactam antibiotics were first introduced in 1943, with penicillin being the
first. Since then, the world has been flooded with B-lactam antibiotics because of
their high efficiency and low toxicity to the human body (86). This includes
cephalosporins, which have the same mode of action as penicillin, but are less
susceptible to penicillinases. All B-lactam antibiotics disrupt the synthesis of the
peptidoglycan layer of the bacterial cell wall. Because of extensive exposure to 3-
lactam antibiotics, bacteria have evolved to produce an enzyme, called a f3-
lactamase, which has the ability to hydrolyze and inactivate the (3-lactam ring of
these antibiotics. One of the most frequently occurring genes in Gram-negative
bacteria that encode a B-lactamase is the blargm-1 gene (87).

10
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In 1963, the TEM B-lactamase (TEM-1) gene emerged among Gram-negative
bacteria, and it rapidly increased in frequency to become the most frequent f3-
lactamase in most pathogenic Gram-negative populations. TEM B-lactamases
have been found in Escherichia coli and other Gram-negative bacteria. The TEM
resistance gene is a well-known model system. Among the TEM family members,
TEM-1 is considered the wild type. Over 219 TEM variants have been found
clinically, where forty-one have single amino acid substitutions and 89% have
four or fewer amino acid substitutions. TEM-3, reported in 1987 (88), was the first
Extended-Spectrum -lactamase (ESBL); as such it was able to hydrolyze
extended spectrum B-lactams, in which cephalosporins are mainly categorized.

Because of the widespread use of 3-lactam antibiotics, there have been
additional approaches to fight against B-lactamases that utilize a combination of
mechanisms including inhibitors for B-lactamases such as clavulanic acid,
sulbactam and tazobactam (89). To avoid B-lactamase activity, some antibiotics
are given in conjunction with these B-lactamase inhibitors, resulting in a more
effective treatment. These inactivators destroy the B-lactamase activity, which
enhances the ability of the B-lactam to destroy the cell wall. An inhibitor-resistant
TEM is a bacterial strain that produces an inhibitor-resistant enzyme that breaks
down these B-lactamase inhibitors. TEM-30, reported in 1992 (90), was the first
inhibitor-resistant TEM (IRT), which means that it could continue to hydrolyze
penicillins in the presence of a -lactamase inhibitor. Cephalosporin resistance is
usually separate from inhibitor resistance among TEM B-lactamases but TEM-50
reported in 1997 (91), was the first Complex Mutant TEM (CMT), where both
cephalosporin and inhibitor resistance substitutions and phenotypes appear
simultaneously (92).

Epistasis, or non-additive interactions between mutations, also plays a major role
in antibiotic resistance. Epistatic interactions can be used to study the topography
of fitness landscapes and the dynamics of adaptation (93, 94). Many studies
show these patterns of epistasis among large and small-effect beneficial
substitutions occurring in TEM-1 (6, 61, 95, 96). It has been suggested (97, 98)
that there are major epistatic interactions among the mutations within TEM-1
depending on which combination of the four mutations are present in the
presence of just one antibiotic, cefotaxime. Poon and Chao showed that
epistasis occurs more frequently among mutations within the same gene (97).
Due to the delayed emergence of CMT type TEMs, we anticipated that epistasis
(non-additive interactions between substitutions) and sign epistasis (when
substitutions change from being beneficial to detrimental and vise versa) would
be dominant features of the TEM-50 adaptive landscape. In this study, we focus
on TEM-50, which is one of the clinically isolated variants with four substitutions
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(87). We have created all 16 possible variations of those substitutions using site
directed mutagenesis (6).

The environment can also affect the fitness contributions of substitutions and
their epistatic interactions. Genotype-by-Environment (GxE) interactions are
defined as the change in the performance of two or more genotypes measured in
two or more environments. Changes in rank order for different genotypes and
changes in the magnitude of genetic, environmental and phenotypic variances
can be evident between environments (99). Previous studies on GxE interactions
have measured fithess on genotypes that differ by numerous unknown mutations
and most recently (100) investigated the effects of 26 genotypes in four
environments measuring fitness relative to a common progenitor. Here we
present a study of GxE interactions on sixteen genotypes that differ by up to four
substitutions with 10 different B-lactam antibiotics at three different
concentrations using growth rates as a measurement of fitness. Other studies
have used minimum inhibitory concentrations (MICs) (96) to determine rough
measurements of relative fithess. While MICs are clearly useful in this regard, in
2008, (101) showed that growth rates are a more sensitive measurement of
resistance than MICs.

There are ~105 different B-lactams (http://www.whocc.no/atc_ddd_index/) that
have selected for the resistance phenotypes contributed by the approximately
223 TEM genotypes that exist today (102). The specific effects of each B-lactam
and the within-gene epistatic interactions have surely shaped the evolutionary
landscapes of the TEM family. However, they have not been thoroughly
investigated. At the most basic level, we reasoned that there might be
differences in adaptive landscapes as antibiotic concentrations changed.
Additionally we reasoned that changes in concentration of antibiotics are a
biologically relevant occurrence worthy of investigation because 1) p-lactam
concentrations may vary widely throughout the tissues of a patient undergoing f3-
lactam therapies and 2)p-lactam concentrations can also change rapidly as
antibiotics waste breaks down in the environment.

To study within-gene epistasis and GxE effects on the TEM-1 to TEM-50
adaptive landscapes, we investigated the interactions of penicillins,
cephalosporins, and 3-lactamase inhibitors with 16 TEM genotypes to determine
the combined effect of genotype and environment upon fitness outcomes. We
looked at how the concentration of B-lactam antibiotics affects the composition of
each landscape by taking into consideration the ratio between new substitutions
(forward arrows) and reversions (backward arrows). With this information we
were able to calculate similarity matrices to study how much each antibiotic
treatment (a specific antibiotic at a given concentration), differs from the others
that we tested. We also examined the global optimum within each landscape for
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each treatment. The global optimum is the genotype that has the highest growth
rate (or can be considered the most fit) among all 16 genotypes.

Results

We measured the growth rates of the 16 genotypes that can be generated from
all combination of the four substitutions in TEM-50. We verified that there were
no spontaneous mutations occurring for the duration of the experiment by
sequencing 50 samples of the genotype E104K after one experiment treated with
cefprozil 128 ug/mL. We confirmed that, in fact, there were no spontaneous
mutations except for one sample that accrued a synonymous mutation at the
codon position 263.

After measuring the growth rates of the 16 genotypes, we created adaptive
landscapes for each concentration of each p-lactam antibiotic. These adaptive
landscapes compare the growth rates of strains expressing adjacent genotypes
that differ by a single amino acid substitution and indicate the genotype that
resulted in the highest growth rate (Figure 2-1). In the case of each comparison,
the arrows point towards the higher growth rate. The arrows directed towards the
genotype with more substitutions signify selection for new substitutions and
arrows directed towards genotypes with fewer substitutions signify selection for
reversions, depending on which growth rate was higher. Solid arrows represent a
significant difference between growth rates as determined by one-way ANOVA
(p-value < 0.05) and dashed arrows represent no significant difference between
genotypes (p-value = 0.05). Using these arrows we identified evolutionary
pathways in which adaptation occurs through either the acquisition of new
substitutions or the loss of substitutions through reversions. In each instance, we
assume that substitutions and reversions are only selected if their occurrence
results in a higher growth rate than the previous genotype (103).



14

Figure 2-1: Adaptive Landscapes for Cefprozil (CPR) at various concentrations.
A) 80ug/mL, B) 100ug/mL, C) 128ug/mL. Forward arrows signify new
substitutions and backward arrows signify reversions. Solid arrows represent
significance with a p-value < 0.05. Dashed arrows represent non-significance, p-
value = 0.05. The global optimum genotype is highlighted in bold D) Composite of
all concentrations, showing only the arrows that remain in the same direction
throughout the three concentrations. We see a genotype with three substitutions
as the optimum at the highest concentration and a genotype with two
substitutions as optima at the two lower concentrations. We also observed the
largest number of significant differences in growth rates at the middle
concentration (100 pg/mL).

In each landscape found that there is one genotype that proves to be the ‘most
fit’, referred to as the global optimum. As the concentration of each antibiotic
change, the global optimum also changes in each 3-lactam treatment. Overall,
TEM-50 appeared as the global optimum in 17% of all treatments (including twice
in cefotaxime, and once in ampicillin, cefepime and ampicillin/sulbactam).
Genotypes with three substitutions appeared as the global optima in 40% of all
treatments, and at least once in each of the 15 (3-lactams, sometimes at multiple
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concentrations. The genotype 1101, was the global optimum for four out of the
nine penicillin/inhibitor treatments: It appeared twice as the global optimum in
ampicillin/sulbactam at 32/8 ug/mL and 64/8 pg/mL. It appeared once in
amoxicillin/clavulanic acid at 512/8 pg/mL, and once in piperacillin/tazobactam at
512/8 pg/mL. This result was surprising because none of the genotypes with
three substitutions have been clinically isolated, however they may exist in the
environment where very low concentrations of B-lactams are more common.
Genotypes with two substitutions appeared as the global optima in 33% of all
treatments and in all B-lactams except ampicillin and cefepime. Genotypes with
one substitution appeared as the global optima in 10% of all treatments (only
those with the B-lactams ampicillin, ceftazidime, or amoxicillin). TEM-1 did not
appear as the global optimum in any of the treatments tested. However, it did
appear within the top three genotypes for one treatment (Figure 2-2).
Interestingly, we observed at least one pathway from the wild-type (TEM-1) to the
global optimum in all landscapes, with the exception of amoxicillin at 1024 pug/mL.
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Figure 2-2: Bar plot of the frequency of the fastest and slowest TEM-50
genotypes

Bar plot that depicts the frequency of each TEM-50 variant appearing as one of
the top three maxima or bottom three minima across all concentrations of the 15
B-lactam treatments.

Overall we found that the number of times the addition of an amino acid
substitution was selected for was greater than the number of times a reversion of
an amino acid substitution was selected (Table 2-1); 66.7% of the time the
addition of an amino acid substitution was selected for in penicillin treatments
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and 80% in cephalosporin treatments. However, for the nine penicillin plus
inhibitor treatments, the results were more variable. In four treatments, more
amino acid substitutions were selected than reversions; in three treatments more
reversions were selected than substitutions, and in two treatments, the number of
selected substitutions and reversions were equal.



Table 2-1 List of the ratios, new substitutions (S): reversions (R), for each

antibiotic treatment and concentration used.

Antibiotics listed in the first column, concentration of antibiotic in ug/mL in the
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second column, and ratio of new substitutions (S): reversions(R) in third column.

Penicillins Concentration (ug/mL) S:R
Amoxicillin 1024 10:22
512 17:15
256 13:19
Ampicillin 2048 22:10
1024 18:14
512 20:12
Penicillin + Concentration (ug/mL) S:R
Inhibitors Hg '
Piperacillin/ 8/512 15:17
Tazobactam
8/256 13:19
8/128 12:20
Amoxicillin/ )
Clavulanic Acid 8/1024 16:16
8/512 16:16
Ampicillin/ 8/64 17:15
Sulbactam
8/32 18:14
8/16 13:19
8/8 24:8
Cephalosporins | Concentration (ug/mL) S:R
Cefprozil 12.5 17:15
10 15:17
8 21:11
Cefotetan 0.125 14:18
0.0625 21:11
0.0312 18:14




Cefotaxime 0.123 19:13
0.06 17:15
0.05 18:14
0.04 14:18
Ceftazidime 0.125 18:14
0.1 19:13
0.0625 19:13
Cefepime 0.0312 22:10
0.0156 22:10
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We then identified the three genotypes with the highest fithess in each
landscape, and found that the genotypes 1101 and TEM-50 (1111) were selected
the most frequently (Figure 2-2). Out of all treatments, these genotypes
appeared among the top three genotypes the most frequently when treated with
a penicillin/inhibitor. We also identified the three genotypes with the lowest fitness
rankings in each landscape, and found that the genotypes 0111, 1011, and 1001
were the lowest ranked (Figure 2-2), with 0111 appearing in twenty-one
landscapes among the lowest three rankings.

To validate the predictability of our adaptive landscapes, we performed
competition experiments. A library of all 16 variant genotypes in approximately
equal proportions was inoculated simultaneously in culture treated with
cefotaxime at 0.123 pyg/mL and incubated at 25 degrees for 22 hours. Twenty-
nine samples from this culture were then sequenced to determine which
genotypes displayed a competitive advantage in this environment. We found that
93% of the samples were ranked within the top 5 highest growth rate rankings,
and 100% of the samples were ranked within the top 6 highest growth rates. We
also found that frequency distribution of alleles qualitatively follows the prediction
made by our model (Table 2-2). The agreement between growth rate and
competition data validates growth rates as a sensitive method for measuring
fitness. These results support our findings within the adaptive landscapes.

Table 2-2 Frequency distribution and growth rates of the top five ranked alleles in
the Cefotaxime (0.123 pg/mL) competition.
Rank | Allele | Frequency (n=29) | Average Growth Rate

1 1110 |9 0.003623333
2 0010 |7 0.003455

3 0011 | 4 0.003359167
4 0110 |5 0.0033525

5 1010 | 2 0.002994167
6 1111 | 2 0.002528333

While we created the complete adaptive landscapes, we considered both
inhibitor resistant substitutions and cephalosporin hydrolysis substitutions. We
observed that combinations of these two types of substitutions routinely result in
sign epistasis. Throughout all 30 landscapes, we found sign epistasis in the
majority of f-lactam antibiotic treatments (Table 2-3). There were just four cases
in which no sign epistasis occurred and all were in penicillin/inhibitor treatments.
We observed that the genotype 0010 had all detrimental effects in the treatments
piperacillin/tazobactam (512/8 yg/mL and 128/8 ug/mL) and ampicillin/sulbactam
(64/8 ug/mL). Also the genotype 1000 had all beneficial effects in the treatment
ampicillin/sulbactam (8/8 ug/mL). Despite the exceptions it is clear that for the
combining of inhibitor resistant substitutions with cephalosporin hydrolysis
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substitutions within the TEM gene, sign epistasis is the rule rather than the
exception.

Table 2-3 Ratios of beneficial over detrimental effects of each of the four
substitutions within TEM-50 (using binary code).

The p-lactam antibiotic treatments listed on the left, followed by the concentration
in pg/mL. Asterisks represent the genotypes that resulted in no sign epistasis in a
specific treatment.

B-lactam Concentration Substitutions
Treatment (ug/mL) IXXX | XIXX | XX1X | XXX1
0.125 2/6 4/4 6/2 6/2
Cefotetan 0.0625 3/5 6/2 6/2 6/2
0.0312 6/2 71 2/6 2/6
0.125 2/6 5/3 7/ 4/4
Ceftazidime | 0.1 2/6 6/2 6/2 5/3
0.0625 5/3 4/4 5/3 5/3
Cefepime 0.0312 5/3 5/3 71 5/3
0.0156 5/3 5/3 6/2 5/3
128 4/4 6/2 3/5 4/4
Cefprozil 100 1/7 5/3 5/3 4/4
80 2/6 71 6/2 5/3
0.123 5/3 5/3 71 2/6
Cofotaxime 0.06 4/4 4/4 71 2/6
0.05 4/4 5/3 71 2/6
0.04 1/7 6/2 5/3 2/6
2,048 4/4 7/ 4/4 7/
Ampicillin 1,024 5/3 6/2 4/4 3/5
512 4/4 6/2 4/4 6/2
1024 4/4 3/5 2/6 2/6
Amoxicillin 512 6/2 2/6 3/5 6/2
256 3/5 4/4 3/5 3/5
64/8 4/4 6/2 0/8* 7/
ampietlin/ | 328 53 |62 |17 |er
16/8 4/4 2/6 117 6/2
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8/8 8/0* 5/3 4/4 6/2
512/8 5/3 7/ 0/8* 3/5
Piperacillin/ | 5550 4/4 5/3 17 3/5
Tazobactam
128/8 2/6 7/ 0/8* 3/5
Amoxicillin/ 1024/8 6/2 3/5 2/6 3/5
Clavulanic
Acid 512/8 5/3 4/4 2/6 5/3

We then questioned what effect the change in concentration of antibiotics would
have on the selection of each substitution. The growth rates of each genotype
were plotted against concentration for each treatment and the slope was
measured. We found that 73.5% of the slopes were negative, indicating that the
overall growth rate decreased as the concentration of the treatment increased.
Out of the remaining 26.5% of positive slopes, 66% of them appeared in
treatments containing penicillins.

To ensure that these comparisons were valid, we performed one-way ANOVAs
between the growth rates for each genotype across antibiotic concentrations.
Significant (p-values < 0.05) from this analysis indicate that there is a significant
difference between growth rates at those different antibiotic concentrations for
individual genotypes in most antibiotics. We found that 80% of comparisons
were significantly different in cephalosporins, 47% of comparisons were
significantly different in penicillins, and 42% of comparisons were significantly
different in penicillin inhibitor combinations. When we aggregated all genotypes,
we found that one-way ANOVA analysis for each treatment across all
concentrations indicated that each concentration was significantly different (p-
value < 0.05) than other concentrations within the same treatment, except for the
two penicillin + inhibitor treatments (SAM and TZP) (p-value = 0.05).

After considering all 30 treatments, we found that the ratios of selected
substitutions and selected reversions changed as both the type of antibiotic and
the concentration of the antibiotic changed. New substitutions outnumber
reversions in 63.3% of the treatments; reversions outnumber new substitutions in
23.3% of the treatments. The frequency of new substitutions is equal to the
frequency of reversions in 13.3% of the treatments. In 50% of the ten p-lactam
antibiotics, there was a shift from an overall tendency for substitutions to be
selected over reversions to a pattern where reversions were selected for over
substitutions as the concentration of antibiotic was changed. These results
indicated that changes in the concentrations of p-lactam antibiotics have almost
as large of an effect as changing the type of p-lactam antibiotic (Table 2-1).
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We further investigated the variation in ratios across concentrations by creating
similarity matrices (Tables 2-4 and 2-5). In each matrix, we calculated the percent
similarity of arrow direction among treatments. The overall range of similarity
scores was 41%-84% similar when concentrations were changed but the §-
lactam antibiotic remained the same. The range of similarity scores between
treatments where the B-lactam varied and the concentration of antibiotic
remained constant was for comparison of two cephalosporins (ceph vs. ceph) 50-
69% and for comparison of a penicillin with a penicillin + inhibitor treatments were
(pen vs. pen inh) 50%-63%. These numbers are well within the range of similarity
between treatments when concentration is varied, but the 3-lactam remained
constant (41%-84%). This result indicates that changes in the concentrations of
B-lactam have as large of an effect on evolutionary outcome as changes in the
types of B-lactam.



Table 2-4 Similarity matrices for five treatments.
A) Amoxicillin/Sulbactam B) Piperacillin/Tazobactam. The concentrations of {3-
lactam antibiotics are pg/mL. The concentration for the inhibitors stays constant
throughout at 8 ug/mL. C) Cefprozil D) Cefotetan and E) Ceftazidime F)
Cefotaxime G) Ampicillin H) Amoxicillin 1) Cefepime J) Amoxicillin/Clavulanic
Acid. The concentration of antibiotic is across the top row and left columns in
bold, units in pg/mL. The percentage of similarity among the adaptive landscapes
for each comparison is shown, and represents the arrows that match in direction
between the two concentrations being compared. The percentage of arrows that
appear in each composite is also listed under the corresponding tables.
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A) SAM B) TZP

8 16 32 64 128 256 512
8 - 53% 59% 50% 128 - 72% 78%
16 - 53% 59% 256 - 56%
32 - 59% 512 -
Composite: 34.3% Composite: 50%
C) CPR D) CTT

8 10 12.5 0.0312 | 0.0625 | 0.125
8 - 56% 68% 0.0312 | - 66% 56%
10 - 68% 0.0625 - 59%
Composite: 44% Composite: 41%
E) CAZ F) CTX

0.0625 | 0.1 0.125 0.04 0.05 0.06 0.123
0.0625 | - 75% 68% 0.04 - 63% 66% 53%
0.1 - 84% 0.05 - 78% 59%
0.125 - 0.06 - 69%
Composite: 66% Composite: 37.5%
G) AMP H) AM

512 1024 | 2048 256 512 1024
512 - 69% 63% 256 - 44% 53%
1024 - 50% 512 - 66%
2048 - 1024 -
Composite: 40.6% Composite 31.3%
I) FEP J) AMC

0.0312 | 0.0156 512 1024
0.0312 | - 75% 512 - 41%
0.0156 - 1024 -

Composite: 75%

Composite: 40.6%




Table 2-5 Similarity matrices of different g-lactam antibiotics with similar

concentrations.

The concentrations of -lactam antibiotics are pg/mL. For the penicillin plus
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inhibitor treatments, the concentration is just for the penicillin, the inhibitors are at

a constant concentration of 8 pyg/mL.

CTT
CAZ 0.125 0.0625
0.125 50% 59%
0.0625 53% 69%
TZP
AMP 128 256
128 56% 56%
256 53% 59%
AM
AMC 512 1024
512 60% 53%
1024 50% 63%
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Additionally, we performed a more conservative analysis, since many of the
arrows in the adaptive landscapes were not significant. We computed the
average similarity matrix across all 30 treatments comparing the position of
growth rate mean of each individual genotype to the grand mean. We only
counted changes for the fitness effect of a genotype when it moved across the
grand mean. The similarity scores ranged from 6% similar to 100% similar when
comparing each treatment with the other 29. When looking among the same type
of B-lactam antibiotic, the similarity ranged from 44%-100% with penicillin +
inhibitors, 63%-88% with penicillins, and 25%-94% with cephalosporins. When
comparing across different types of 3-lactam antibiotics (i.e. penicillin + inhibitors,
penicillins, cephalosporins), the similarity decreased (6%-88%), with penicillin +
inhibitor and penicillins being least similar to cephalosporins (6% similar). While
there is less of a tendency for the fitness effects of genotypes to change across
concentrations using this metric, that tendency is still apparent.

Discussion

We considered four substitutions within the TEM-50 gene and have analyzed 30
adaptive landscapes generated at multiple concentrations of ten different
antibiotics. We found that GxE interactions are numerous and complex. As each
of the treatments change, whether by type or concentration, not only do the
similarity scores between landscapes change, but the global optima likewise
change.

Different antibiotic types and concentrations select for different genotypes. While
cephalosporins and penicillins tend to select for new substitutions, penicillin +
inhibitor combinations tend to select for reversions (Table 2-1). Interestingly,
across all landscapes some substitutions are selected in many environments
while others are not. This indicates that GxE effects may be stronger for some
substitutions than for others depending on which treatments they are exposed to.
GXxE effects can also be seen clearly through consideration of changes in the
global optimum in each landscape.

While it may not be surprising that the overall tendency to select for new
substitutions or reversions would change between (3-lactam treatments, we were
quite surprised that the overall effects of the genotypes under investigation could
become substantially more detrimental or substantially more beneficial simply as
the antibiotic concentration changes. In addition, the global optima change as
the type of p-lactam or as the concentration of a f-lactam changes. TEM-50 is
the most frequent global optimum (40% of the time) throughout all 30
landscapes, whereas TEM-1 does not appear at all as a global optimum. It is
unsurprising that TEM-1 is not the global optimum in these landscapes because
this study is focused much more upon penicillin + inhibitor combinations and
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cephalosporins than upon the early generation penicillins that TEM-1 hydrolyzed
throughout the 1960’s and 1970’s.

When we considered just the penicillin + inhibitor treatments, the global optima
consistently carried at least one of the two inhibitor resistant substitutions in
penicillin + inhibitor treatments. This signifies that p-lactamase inhibitors are an
important selective pressure. In treatments where penicillins were used alone
(amoxicillin and ampicillin), single substitutions were selected as global optima.
This can be explained because amoxicillin and ampicillin are some of the earlier
B-lactam antibiotics and early TEM p-lactamases are able to hydrolyze them very
well.

Interestingly, we found pathways throughout all of these adaptive landscapes that
lead to the global optima, except for one (amoxicillin at 1024 yg/mL). For the
treatments that selected TEM-50 as the global optimum (cefepime 0.0156 pg/mL,
cefotaxime 0.04 and 0.05 pyg/mL, and, amoxicillin/sulbactam 8/8 pyg/mL, ampicillin
2,048 ug/mL), there are multiple pathways through the landscapes from TEM-1 to
TEM-50, which pass through many of the other genotypes. However, for the
treatments that did not select TEM-50 as the global optimum, there were no
complete pathways from TEM-1 to TEM-50. Although in each of those
landscapes, pathways from TEM-1 to the global optimum existed for every
treatment except amoxicillin 1024 yg/mL. This is interesting because TEM-1 is
often thought to be most efficient at hydrolyzing early penicillins such as
amoxicillin. This may not be the case at every concentration, but there may not
be a path to the optimum so TEM-1 may persist even in those conditions.

We also noticed many other examples of GXE interactions. Depending on which
B-lactam antibiotic and what particular concentration was used, the same
substitution can have different effects. For example, in the landscapes with
amoxicillin + clavulanic acid, we note that the genotype 1000 was beneficial
when treated at 1024/8 pug/mL amoxicillin + clavulanic acid, but detrimental when
amoxicillin is lowered to 512 pug/mL. This is also evident for genotype 1001,
which exclusively contains inhibitor resistant substitutions. In the amoxicillin +
clavulanic acid treatment at 1024/8 pg/mL this genotype is the global optimum,
however, when amoxicillin is lowered to 512 pug/mL it is not beneficial at all when
compared to adjacent genotypes. There are many similar examples throughout
each of the adaptive landscapes.

Another interesting finding was abundant sign epistasis within all 30 adaptive
landscapes as well as when looking at the position of each genotype mean
compared to the grand mean. A good example of this is the substitutions E104K
(0100) and G238S (0010). The high fitness of G238S is also seen in (86, 95)
both do exceptionally well individually, even more so when they are combined to
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the doublet E104K/G238S (0110). However when a third substitution is added
N276D (0001), creating the genotype G238S/N276D/E104K (0111), the number
of genotype means drop from 24 to only 5 above the grand mean. For the
examples of substitutions in environments for which sign epistasis did not exist, it
was likely because the treatment highly selected for inhibitor-resistant
phenotypes.

Surprisingly, we also found that concentration seems to have as large of an effect
on variance between adaptive landscapes as changes in the type of p-lactam.
This result can be seen where 80% of cephalosporins, 47% of penicillins and
42% of penicillin + inhibitor treatments are different at a significance level of 0.05
when comparing each genotype across concentrations. This result means that
the degradation of antibiotics distributed in hospital settings and in the
environment may contribute as much to the evolution of variant genotypes of
resistance genes as the introduction of new B-lactams.

We found that an abundance of readily available evolutionary trajectories appear
across antibiotic type and concentration, which shows that varied, residual
concentrations of antibiotics can select many evolutionary outcomes within the
TEM p-lactamase gene, and likely increase the allelic diversity of the TEM [3-
lactamase. This is important because antibiotic concentrations fluctuate in vivo
and are present in the environment. By using growth rates, we are able to see
the effect that antibiotic concentration has on the genotypes within TEM f3-
lactamase, something that MIC-measurements can fall short. The complex
environments available in microfluidic devices allow this hypothesis to be tested.
Future studies will determine whether this pattern holds across other antibiotic
resistance genes and to what extent the evolutionary potentials of resistance
genes are expanded through residual amounts of antibiotic in the environment.

Materials and Methods

Strains and Cultures

We expressed all 16 TEM variant genotypes from the pBR322 plasmid (6) in E.
coli strain DH5-aE, which were then incubated in 5 mL of Luria Broth with
Tetracycline (5mL tetracycline/ 1 Liter of LB) overnight in oxygen limited cultures
and then diluted them to a concentration of 1.9 X 10° cells per mL.

After dilution, 80uL of each liquid culture were transferred to a 384-well plate,
with each well holding a maximum of 100 uL. Twelve replicates of each culture
were then incubated with or without (control) antibiotic treatment. Once the
samples had all been plated, a breathable membrane was placed over the plate
and the plate was placed in the Eon Microplate Spectrophotometer. The
temperature was set at 25.1°C and the experiment was run for 22 hours. The
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0O.D. measurements at 600 nanometers are read every 20 minutes for the entire
22 hours (104).

The antibiotic solution is made by dissolving 10.24 mg of antibiotic per 1 mL of
solvent (either pH 6 or pH 8 phosphate-buffer or water depending on the
solubility of the antibiotic).

Growth Rates

The data obtained from the plate reader is exported and run through the
‘GrowthRates’ program, which calculates the growth rate. The growth rates are
derived from the calculated slope of the line at the exponential phase of each
growth curve. This technique is justified because bacterial cultures grow
exponentially so the growth rate increases as a function of the natural log of the
0O.D., and not of O.D. itself (104). The growth rate is the change in the number of
cells per minute or can be viewed as the change in the number of cells per unit of
O.D. This can be written as

dN

where N is the number of cells at time, t, and a is the first order growth rate
constant in reciprocal time units (2). Equation (2) can also be written as

= adt. ©)
Integrating (3) from t=0 to t=tnax yields
In = a(t —ty), (4)

No

where Ny equals the initial number of cells present at t,. When the exponential
phase of the growth curve is fit by linear regression, we can see that a is equal to
the slope of the regression line (104).

Statistical Analysis

A One-Way Analysis of Variance (ANOVA) was used to compare the means of
the growth rates we obtained and to determine if there were significant
differences between the growth rates of each genotype. We compared each of
the genotypes with those that were adjacent, (differed by a single amino acid
substitution), going from the wild type, TEM-1, to TEM-50 (Table 2-6). We were
working with a 95% confidence interval, which translates to a p-value of less than
or equal to 0.05. In addition to comparing the experimental data (the data
obtained from the treated genotypes), we also compared the growth rates from
controls with the growth rates from the treated genotypes to confirm that the
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treated samples were in fact different than the non-treated samples. Finally, we
also compared the genotypes across concentration of each drug to ensure that
the genotypes are significantly different across concentrations of the same
antibiotic.

Table 2-6 Constructs containing all of the possible substitutions in blareu-so.

The left column lists the substitutions with the first letter representing the amino
acid that was replaced, followed by the position in the protein, and lastly, the new
amino acid present. If the variant has been clinically isolated, the name is listed
in the center column. The right hand column shows the binary allelic code we
used to represent these variants. The number ‘1’ represents the substitution
present and a ‘0’ represents the no substitution at that specific location. For
example, MB9L corresponds to Methionine being replaced by Leucine on the 69™
position. The two substitutions included in this experiment that are inhibitor
resistant TEM’s are marked with an asterisk.

Substitution Isolated Binary Allele
Code
TEM-1 TEM-1 0000
M69L* TEM-33 1000
E104K TEM-17 0100
G238S TEM-19 0010
N276D* TEM-84 0001
M69L/E104K - 1100
M69L/G238S - 1010
M69L/N276D TEM-35 1001
G238S/E104K TEM-15 0110
G238S/N276D - 0011
N276D/E104K - 0101
M69L/E104K/N276D | - 1101
M69L/E104K/G238S | - 1110
G238S/N276D/E104K | - 0111
G238S/N276D/M69L | - 1011
TEM-50 TEM-50 1111




Chapter 3: Rational Design of Antibiotic Treatment
Plans: A treatment strategy for managing evolution
and reversing resistance

Introduction

Antibiotic resistance is an inevitable outcome whenever antibiotics are used.
There are many reasons for this: 1) As humans (also as eukaryotes), we are
vastly outnumbered by bacteria in nearly all measures, including total population
size, biomass, genetic diversity, emigration, and immigration (105); 2) bacteria
can use horizontal gene transfer to share resistance genes across distantly
related species of bacteria, including non-pathogens (106); 3) compared to
humans, bacteria have relatively few vulnerable target sites (107); 4) microbes
are the sources of nearly all antibiotics that are used by humans (108). Given the
overwhelming numbers of bacteria, the limited number of target sites, the
numerous ways that they can infect humans, and that they have been exposed to
naturally occurring antibiotics for billions of years, resistance to antibiotics used
by human populations is unavoidable.

Once resistance is present in a bacterial population, it is exceedingly difficult to
remove for several reasons. If any amount of antibiotic is present in the
environment, antibiotic resistance genes will confer a large fithess advantage
(109), and even when antibiotics are not present in an environment, the fitness
costs for carrying and expressing resistance genes are small to non-existent
(110). In addition to it being difficult to remove antibiotics from the environment
(111), even if humans were to completely abandon the use of antibiotics,
resistance would persist for years (112).

Efforts to remove resistance genes from clinical environments by either
discontinuing or reducing the use of specific antibiotics for some period of time,
either through general reduction of antibiotic consumption or periodic rotations of
antibiotics (cycling) have not worked in any reliable or reproducible manner (113);
indeed it would have been surprising if they had worked (114),(115).

Since antibiotic resistance is unavoidable, it only makes sense to accept its
inevitability and develop methods for mitigating the consequences. One
reasonable approach is to rotate the use of antibiotics. This has been
implemented in many ways and there are recent studies to model the optimal
duration, mixing versus cycling, and how relaxed antibiotic cycles may be and still
function as planned (116, 117). However, none of those models have focused on
developing a method for designing an optimal succession of antibiotics.

30
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In a previous publication (6), we proposed that susceptibility to antibiotics could
be restored by rotating consumption of multiple antibiotics that are a) structurally
similar, b) inhibit/kill bacteria through the same target site, and c) result in
pleiotropic fitness costs that reduce the overall resistance of bacteria to each
other. We presented a proof-of-principle example (6) of how this might work with
a series of B-lactam antibiotics in which some of them would select for new
amino acid substitutions in the TEM B-lactamase and others that would select
reversions in TEM ultimately leading back to the wild type (un-mutated) state.
We have focused particularly on B-lactamases because there is often no fithness
cost associated with their expression, and they are particularly difficult to remove
from clinical microbial populations.

Our current work seeks to identify B-lactam treatment plans that have the highest
probability of returning a population expressing a small number of variant TEM
genotypes to the wild type state. The wild type TEM-1, and a handful of its
descendants, confers resistance to penicillins alone. However, most of the
descendants confer resistance to either cephalosporins or penicillins combined
with B-lactamase inhibitors (inhibitor resistance), and a few confer resistance to
both. Of the 194 clinically identified TEM genotypes that encode unique amino
acid sequences (118), 174 (89.7%) differ from the wild type TEM-1 by at most
four amino acid substitutions (see Table 3-1). Our choice of a system that
includes four amino acid substitutions is based upon an apparent threshold for
amino acid substitutions among functional TEM genotypes. The rarity of the co-
existence of cephalosporin resistance and inhibitor resistance and the fact that
no single substitution confers both phenotypes suggested that sign epistasis (i.e.
reversals of substitutions from beneficial to detrimental) exists as the
substitutions that contribute to this dual phenotype are combined. We have
assumed that substitutions arise according to the strong selection weak mutation
model (SSWM) (119) in which single substitutions reach fixation before the next
substitution occurs. Recent work (120) in addition to past phylogenetic analysis
(61) and competition experiments (121) suggest that this is a valid model for
TEM evolution.
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Table 3-1 Frequency of clinically identified TEM genotypes with specified number

of amino acid substitutions

Number of
amino acid
substitutions

Number of
identified
TEM
genotypes

53

53

37

31

10

2

= =2 OO0 NOO|A~WIN|—

0
]

2
0
0
1
1

The ability to apply selective pressures that favor reversions of substitutions
within an evolved TEM genotype would increase the number of antibiotics that

could be used. To embark upon our effort of determining the best way to do this,
we decided to create a model system based upon the TEM-50 genotype, which

differs from TEM-1 by four amino acid substitutions. All four substitutions by
themselves confer clearly defined resistance advantages in the presence of
certain antibiotics. Additionally, TEM-50 is one of the few genotypes that

simultaneously confers resistance to cephalosporins and inhibitor combined

therapies.
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Results
From experimental data to mathematical models

We created all 16 variant genotypes of the four amino acid substitutions found in
TEM-50 using site directed mutagenesis (Table 3-2) and measured the growth
rates of 12 replicates of E.coli DH5a-E expressing each genotype in the
presence of one of fifteen B-lactam antibiotics (Table 3-3). Each genotype was
grown in each antibiotic in 12 replicates. We computed the mean growth rate of
those replicates (Table 3-4) and the variance of each sample, as well as the
significance between adjacent genotypes that differed by one amino acid
substitution. This was done using one-way ANOVA analysis.

Table 3-2 Variant Genotypes Created, Binary Codes, Substitutions and (Names
of Genotypes Identified in Clinical Isolates)

Number of Binary Genotypes with substitutions found in
Substitutions | Genotype | TEM-50
Code
0 0000 No substitutions, (TEM-1)
1 1000 M69L, (TEM-33)
1 0100 E104K, (TEM-17)
1 0010 G238S, (TEM-19)
1 0001 N276D, (TEM-84)
2 1100 M69L, E104K, (Not identified)
2 1010 M69L, G238S, (Not identified)
2 1001 M69L, N276D, (TEM-35)
2 0110 E104K, G238S, (TEM-15)
2 0101 E104K, N276D, (Not identified)
2 0011 G238S, N276D, (Not identified)
3 1110 M69L, E104K, G238S, (Not identified)
3 1101 M69L, E104K, N276D, (Not Identified)
3 1011 M69L, G238S, N276D, (Not identified)
3 0111 E104K, G238S, N276D, (Not identified)
4 1111 M69L, E104K, G238S, N276D, (TEM-50)




Table 3-3 B-lactam Antibiotics used for this study
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B-lactam Antibiotic

FDA approval

Antibiotic Group

Ampicillin (AMP) 1963 Aminopenicillin
Amoxicillin (AM) 1972 Aminopenicillin
Cefaclor (CEC) 1979 Cephalosporin
Cefotaxime (CTX) 1981 Cephalosporin
Ceftizoxime (ZOX) 1983 Cephalosporin
Cefuroxime (CXM) 1983 Cephalosporin
Ceftriaxone (CRO) 1984 Cephalosporin
Amoxicillin + Clavulanic acid (AMC) | 1984 Penicillin derivative +
B-Lactamase inhibitor
Ceftazidime (CAZ) 1985 Cephalosporin
Cefotetan (CTT) 1985 Cephalosporin
Ampicillin + Sulbactam (SAM) 1986 Penicillin derivative +
B-Lactamase inhibitor
Cefprozil (CPR) 1991 Cephalosporin
Cefpodoxime (CPD) 1992 Cephalosporin
Pipercillin + Tazobactam (TZP) 1993 Penicillin derivative +
B-Lactamase inhibitor
Cefepime (FEP) 1996 Cephalosporin
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Table 3-4 Average Growth Rates ( x 10°): the rows are the fitness landscapes

0000 1000 | 0100 | 0010 | 0001 1100 1010 1001
AMP 1.851 1.570 | 2.024 | 1.948 |2.082 |2.186 |0.051 |2.165
AM 1.778 1.720 | 1.448 |2.042 |1.782 |1.557 |1.799 |2.008
CEC 2.258 0.234 |2.396 |2.151 |1.996 |2.150 |2.242 |0.172
CTX 0.160 0.185 | 1.653 | 1.936 | 0.085 |0.225 | 1.969 | 0.140
20X 0.993 1.106 | 1.698 |2.069 |0.805 |1.116 | 1.894 | 1.171
CXM 1.748 0.423 |2.940 |2.070 |1.700 |2.024 |1.911 | 1.578
CRO 1.092 0.830 | 2.880 |2.554 |0.287 |1.407 |3.173 | 0.540
AMC 1.435 1.417 |1.672 |1.061 |1.573 |1.377 | 1.538 | 1.351
CAZ 2.134 0.288 | 2.042 |2.618 |2.656 |2.630 | 1.604 |0.576
CTT 2.125 3.238 [3.291 | 2.804 |1.922 |0.546 |2.883 |2.966
SAM 1.879 2.198 | 2.456 | 0.133 |2.533 |2.504 |2.308 |2.570
CPR 1.743 1.553 [2.018 |1.763 |1.662 |0.223 | 0.165 | 0.256
CPD 0.595 0.432 | 1.761 | 2.604 | 0.245 |0.638 |2.651 | 0.388
TZP 2.679 2.709 |3.038 | 2427 |2906 |2453 |0.172 |2.500
FEP 2.590 2.067 | 2.440 |2.393 |2572 |2.735 |2.957 |2.446

0110 0101 | 0011 1110 1101 1011 o111 1111
AMP 2.033 2.198 | 2.434 | 0.088 |2.322 |0.083 |0.034 |2.821
AM 1.184 1.544 | 1.752 | 1.768 |2.247 |2.005 |0.063 |2.047
CEC 2.230 1.846 | 2.648 |2.640 | 0.095 |0.093 |0.214 |0.516
CTX 2.295 0.138 | 2.348 | 0.119 | 0.092 |0.203 |2.269 |2.412
Z0X 2.138 2.010 |[2.683 |1.103 |1.105 |0.681 |2.688 |2.591
CXM 2.918 2.173 | 1.938 | 1.591 |1.678 |2.754 |3.272 |2.923
CRO 2.732 0.656 |3.042 |2.740 |0.751 |1.153 | 0.436 |3.227
AMC 0.073 1.625 | 1.457 | 1.307 |1.914 |1.590 |0.068 | 1.728
CAZ 2.924 2.756 |2.688 |2.893 |2.677 |1.378 |0.251 |2.563
CTT 3.082 2.888 | 0.588 |3.193 |3.181 |0.890 | 3.508 |2.543
SAM 0.083 2.437 | 0.094 | 2528 |3.002 |2.886 |0.094 |3.453
CPR 2.042 2.060 |1.785 |1.811 |0.239 |0.221 |0.218 | 0.288
CPD 2.910 1.471 | 3.043 |0.963 |0.986 |1.103 |3.096 | 3.268
TZP 2.528 3.309 [0.141 | 0.609 |2.739 |0.093 |0.143 |0.171
FEP 2.652 2.808 |2.832 |2.796 |2.863 |2.633 |0.611 |3.203

The results are summarized in Figures 3-1through 3-15, where the arrows in the
fitness graphs connect pairs of adjacent genotypes. For each comparison of
adjacent genotypes, we indicate the one whose expression resulted in the faster
growth by directing the arrowhead towards that genotype, and implying that
evolution would proceed in that direction if the two genotypes occurred
simultaneously in a population (122, 123). In other words, the node indicated by
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the arrowhead would increase in frequency and reach fixation in the population,
while the other would be lost. Red arrows indicate significance, and black arrows
indicate differences that were not statistically significant by ANOVA, but that may
still exist if a more sensitive assay was used.
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Figure 3-1 AMP: Ampicillin 2048
pyg/mli

Figure 3-2 AM: Amoxicillin 512 pyg/ml
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Figure 3-3 CEC: Cefaclor 1 ug/ml Figure 3-4 CTX: Cefotaxime 0.05
pyg/mli
/ : \ / : \
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1100 1010 1001 0110 0101 0011 1100 1010 1001 0110 0101 0011
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Figure 3-5 ZOX: Ceftizoxime 0.03 Figure 3-6 CXM: Cefuroxime 1.5
pyg/mli pyg/mli
1110 1101 1011 0111 1110 1101 1011 0111
1100 1010 1001 0110 0101 0011 1100 1010 1001 0110 0101 0011
1000 0100 0010 0001 1000 0100 0010 0001
\ . / \ . /




38

Figure 3-7 CRO: Ceftriaxone 0.045
pug/ml

Figure 3-8 AMC:
Amoxicillin/Clavulanate 512 pyg/ml
and 8ug/ml
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/W%R\

7 % \‘\
W
\1\0000//'

Figure 3-9 CAZ: Ceftazidime 0.1

Figure 3-10 CTT: Cefotetan 0.312
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Figure 3-11 SAM:
Ampicillin/Sulbactam 8 pyg/ml and
8ug/mi

Figure 3-12 CPR: Cefprozil 100
pg/ml
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Figure 3-13 CPD: Cefpodoxime 2 Figure 3-14 TZP: Piperacillin /
pg/ml Tazobactam 128ug/ml and 8

pyg/mli

m 1
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Figure 3-15 FEP: Cefepime
0.0156ug/ml

N
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2.

1100 1010 1001 0110 0101 0011

Figures 3-1 through 3-15: TEM-50 Adaptive Landscapes

These figures present fitness graphs, which are a visual summary of the adaptive
landscape 2x2x2x2 tensors in which each resistance phenotype conferred by
each TEM genotype is enumerated. Arrows pointing upward represent selection
for the addition of a substitution. Arrows pointing downward represent selection
for reversions. Red arrows indicate significance between adjacent growth rates
as determined by one-way ANOVA. Genotypes that confer the most resistance to
each antibiotic are shown in red.

We rank ordered the genotypes (Table 3-5) in each landscape diagram with a
score from 1 to 16, with the genotype promoting the fastest growth receiving a
score of “1” and the genotype with the slowest growth a score of “16”. This
analysis shows that all genotypes have a score of 5 or better and a score of 13 or
worse, in at least one landscape, indicating that there is abundant pleiotropy as
antibiotic selective pressures change. That pleiotropy provides a basis for
effectively alternating antibiotic to restore the wild type.
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Table 3-5 Rank Order of Genotypes in Each 3-Lactam Antibiotic (Derived From
Table 3-4)

Anti-

biotic

Treat- S| 8 8/ 2 5 8 2 5 2 5 = 25| = 7 F
ment 8| 2 3| 8 8 F| 2 8 5 5 8 FF| 2 5 F
AMP |11 |12|9 |10 |7 |5 |15|6 |8 |4 |2 [13 |3 |14 |16 |1
AM 8 |11|14|3 |7 |12|6 |4 |15 (13|10 |9 (1 |5 [16 |2
CEC |4 [12|3 |7 |9 |8 |5 |[14|6 |10 |1 |2 |15|16 |13 |11
CTX 11 |10|7 |6 |16|8 |5 |12|3 |13 |2 |14 |15|9 |4 |1
Z0X |14 |11|8 |5 [15|10|7 |9 |4 |6 |2 |3 [12|16|1 |3
CXM |11 |16|2 |7 |12|8 |10 |15|4 |6 |9 [14[|13|5 |1 |3
CRO |10 (11|4 |7 |16|8 |2 [14|6 |13 |3 |5 |12|9 |15 |1
AMC |9 |10|3 |14 |6 |11 |7 |12 [15|4 |8 |13 |1 |5 |16 |2
CAZ |10 |15|11|8 |6 |7 |12 |14 |1 |3 |4 |2 |5 |13 |16 |9
cTT 12 |3 |2 |10 |13 |16 |9 |7 |6 |8 |15|4 |5 |14 |1 |11
SAM |12 |11|8 |13 |5 |7 |10 |4 |16|9 |14 |6 |2 |3 |15 |1
CPR 7 |9 |3 |6 |8 [13 |16 |11 |2 |1 |5 [4 [12 |14 15|10
CPD |13 |14|7 |6 |16|12|5 |15|4 |8 |3 [11[10|9 |2 |1
TZP 6 |5 |2 (103 |9 (128 |7 |1 (15|11 4 |16 |14 |13
FEP 10 |15|13 |14 (11 |7 |2 |[12|8 |5 |4 |6 |3 |9 [16 |1
Best (4 |3 |2 (3 |3 |5 [2 [4 |1 |1 [1 [2 |1 |8 [1 [A1
value

Worst |14 |16 |14 |14 (16 |16 |15 |15 |16 |13 |15 |14 |15 |16 |16 |13
Value

Median (10 |11 |7 |7 |9 |8 |7 [12]|6 |6 |4 [6 |5 |9 [15|2
Value

Based on the strong patterns of pleiotropy we observed, we reasoned that the
choice and the succession of antibiotics were at least as important as other
cycling considerations. We formalized our approach to identifying optimal
antibiotic treatment paths as follows.

We considered the 15 antibiotics previously mentioned in Table 3-3: AMP, AM,
CEC, CTX, ZOX, CXM, CRO, AMC, CAZ, CTT, SAM, CPR, CPD, TZP, and FEP
and their interactions with a bi-allelic 4-locus TEM system where four functionally
important amino acid residues involved in the evolution of TEM-50 are
considered. The number "1" denotes an amino acid substitution, whereas "0"
denotes no substitution at the site. We experimentally determined growth rates
for all genotypes in our TEM system at a selected concentration of each
antibiotic. Those growth rates depend upon the states of the four amino acid
residues. The growth rates for all genotypes in one antibiotic can be represented
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by areal2x2x2x2 tensor f = (fiju) ,where f(a,) is the fitness landscape

for the antibiotic . We can identify f(a,) with a vector whose coordinates are
indexed by {0,1}*. The resulting 15 vectors, one for each antibiotic, are the rows
in Table 3-4.

Our substitution model M(f) is a function M :R'® — R'*° that assigns a
transition matrix to each fitness landscape. The rows and columns of M(f) are
labeled by the genotypes {0,1}* according to the degree lexicographic order. The
entries in M(f (a,)),» represent the probability that that genotype u is replaced
by genotype v under the presence of antibiotic a,. For that reason, the rows of
our transition matrices have nonnegative entries and their rows sum to 1.

We require that our transition matrices respect the adjacency structure of the 4-
cube, that is, M(f),,, = 0 unless u and v are vectors in {0,1}* that differ in at
most one coordinate. In other words, we reasoned that resistant strains are most
likely to be in competition with those that express resistance genotypes that are
immediately adjacent (vary by a single amino acid substitution).

The combined effect of a sequence of k antibiotics is described by a new
transition matrix

obtained as the product of the transition matrices for each drug.

For any genotype u other than 0000, our goal is to find a sequence of antibiotics,
which maximizes the probability of returning to the wild type. In other words, if we
restrict to sequences of length k our goal is to find a sequence of antibiotics

a, ..., 4 Which maximizes the matrix entry

M(f(a)) M(f(a) * .. *M(f(ar))uo000- FOr €ach u this requires searching
over all 15° antibiotic sequences of length k.

Finding optimal sequences of antibiotics

We used two substitution models to determine the optimal (highest probability)
sequences of B-lactams for returning TEM genotypes back to their wild type
state. Briefly, the Correlated Probability Model (CPM) allows probabilities to be
based upon the actual growth rates. It is given by applying equation (3) to the
growth rates in Table 3-4. The Equal Probability Model (EPM) assumes that
beneficial substitutions are equally likely and that only the direction of the arrows
in Figures 3-1 through 3-15 is important. This means that the matrix entry M(f),,,,
is 1/N if genotype u has N outgoing arrows and there is an arrow from u to v.

A visual summary of the highest probabilities according to the CPM is provided in
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Figure 3-16. The CPM provides good estimates if fithess differences between
genotypes are small (6, 124-126). The EPM has been used in settings where
only rank order (as in Table 3-5) is available (96).

New substitutions Reversions

mnm mnm

) 10 %P 10 < m/F oM
1100 1010 1001 0110 0101 0011 1100 1010 1001 0
g CD(/C,W/ o ¢

Figure 3-16: Summary of Highest CPM probabilities

Summary of CPM Substitutions with the Highest Probabilities. Each arrow is
labeled by the drug or drugs corresponding to the maximal transition probability,
taken over all 15 drugs. Each arrow is also labeled by the maximal probability.
The top panel shows which antibiotics selected the addition of substitutions and
the bottom panel shows which antibiotics selected reversions. Unlabeled arrows
are those with low probabilities across all antibiotics

From the graph, it is possible to find candidate treatment plans. For example,
when starting at genotype 1010 the graph shows that the probability for ending at
0000 is 0.71 for the sequence ZOX-TZP (0.71 is the product of the arrow labels).
Similarly, when starting at 1111 the probability for ending at 0000 is 0.62 for the
sequence CEC-CAZ-TZP-AM. When starting at 0001 the graphs shows that a
single drug gives probability at most 0.29, whereas the probability for ending at
0000 for the sequence AMC-CRO-AM (one arrow up, two arrows down) is at
least 0.96-0.62=0.6.

This graph can also be used to generate treatment paths that start and end at the
same genotype, making possible the development of a fixed treatment plan. For

example, from a starting point 0000, the probability for ending at 0000 is 0.62 for

the sequence: CEC-CTX-ZOX-CPD-CPR-CAZ-TZP-AM

For all sequences of antibiotics of a fixed length (two, three, four, five, and six),
we examined the probability that a given genotype is returned to the wild type
state. It is worth noting that within these paths, a single genotype can be
repeated consecutively with different antibiotics, thus making it possible to have
an odd number of steps in the treatment paths when an even number of
substitutions are introduced. For every starting genotype, we found we were able
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to return to the wild type genotype with a probability between 0.6 and 1.0 when
using the CPM model and a probability of 0.375 and 1.0 when using the EPM
model. These results are summarized in Tables 3-6 through 3-9 and Figure 3-
17. These results show the number of paths and their probabilities (Tables 3-6
and 3-7) and the substitutions selected through the optimal treatment plans
(Tables 3-8 through 3-11) for returning to the wild type state from various starting
points.

Table 3-6 Maximum Probability and Number of Paths Using CPM

Starting | 1 Paths | 2 Paths | 3 Paths | 4 Paths | 5 Paths | 6 Paths
tGeno- Step Step Step Step Step Step

ype

1000 1.0 1 1.0 3 1.0 7 1.0 15 1.0 31 1.0 63
0100 0.617 | 1 0.617 | 6 0.617 | 36 0.617 | 219 0.617 | 1360 0.617 | 8568
0010 0.715 | 1 0.715 | 2 0.715 | 3 0.715 | 4 0.715 | 5 0.715 | 6
0001 0.287 | 1 0.287 | 1 0.592 | 2 0592 | 8 0.726 | 2 0.726 | 4
1100 - 0.617 | 3 0.617 | 18 0.617 | 108 0.617 | 657 0.617 | 4110
1010 - 0.715 | 1 0.715 | 6 0.715 | 27 0.715 | 112 0.715 | 453
1001 - 0.559 | 1 0.559 | 4 0.726 | 1 0.726 | 2 0.729 | 1
0110 - 0.617 | 1 0.617 | 10 0.617 | 78 0.617 | 555 0.617 | 3805
0101 - 0.592 | 1 0.592 | 9 0.612 | 1 0.612 | 9 0.617 | 34
0011 - 0.361 | 1 0.361 | 9 0.586 | 2 0.600 | 2 0.617 | 8
1110 - - 0.617 | 2 0.617 | 24 0.617 | 215 0.617 | 1720
1101 - - 0.592 | 2 0.592 | 24 0.617 | 12 0.617 | 252
1011 - - 0.532 | 1 0.532 | 1 0.684 | 1 0.690 | 1
0111 - - 0.586 | 1 0.600 | 1 0.617 | 4 0.617 | 84
1111 - - - - 0.617 | 4 0.617 | 72 0.617 | 906
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Table 3-7 Maximum Probability and Number of Paths Using EPM

Starting | 1 Paths | 2 Paths | 3 Paths | 4 Paths | 5 Paths | 6 Paths
tGeno- Step Step Step Step Step Step

ype

1000 1.0 1 1.0 3 1.0 7 1.0 15 1.0 31 1.0 63
0100 033 | 1 033 |6 0.33 | 39 0.38 | 1 0.46 | 1 046 |9
0010 050 |1 050 |4 050 |6 050 |8 0.50 |10 0.50 | 12
0001 050 | 1 050 | 1 066 |4 0.66 |8 066 |14 0.66 | 24
1100 - 0.33 | 27 0.39 |1 0.39 |1 0.39 |4 046 |5
1010 - 050 |3 0.50 |19 0.58 |1 058 |8 059 |1
1001 - 0.66 |2 0.66 |4 0.66 |7 0.66 |12 0.69 |1
0110 - 0.33 |1 0.33 | 10 0.33 | 81 0.38 |1 0.46 |1
0101 - 029 |1 0.38 |1 0.46 |1 046 |4 046 1
0011 - 025 |4 0.25 | 32 050 |2 0.50 | 18 0.50 | 133
1110 - - 033 |2 0.33 | 24 0.33 | 221 0.38 | 6
1101 - - 0.29 |2 0.38 |2 046 |2 0.46 | 14
1011 - - 0.33 |3 0.33 | 8 0.39 |1 052 |1
0111 - - 0.15 |1 020 | 8 0.33 |4 0.38 | 6
1111 - - - - 0.33 |4 0.38 | 4 046 | 4




Table 3-8 CPM Additions of Substitutions And Associated B-lactam Antibiotics
From Optimal Six Step Treatment Plans

Substitutions Drugs associated with substitutions in
optimal paths (probability)

0000-1000 CTT(0.38%)

0000-0100

0000-0010

0000-0001

1000-1100

1000-1010

1000-1001

0100-1100 SAM(1.0%)

0100-0110 CTX(1.0%), CPD(1.0%)

0100-0101

0010-1010 CTT(0.22)

0010-0110

0010-0011

0001-1001 AM(1.0%), CTT(0.47), SAM(1.0%)

0001-0101

0001-0011

1100-1110 CAZ(0.85%), SAM(0.046), FEP(0.32)

1100-1101 AMP(1.0%),CAZ(0.15), SAM(0.95),
FEP(0.68)

1010-1110 CEC(1.0%), CTT(0.47)

1010-1011

1001-1101

1001-1011
CTX(0.50%)

0110-1110 FEP(1.0%)

0110-0111 Z0X(1.0%*), CXM(0.94), CPD(1.0%)

0101-1101 AMP(1.0%), FEP(1.0%)

0101-0111 CTX(0.58), ZOX(1.0*), CXM(0.59),
CPD(0.85)

0011-1011 CTT(0.04)

0011-0111 Z0X(1.0%), CPD(1.0%)

1110-1111 AM(0.90), CRO(0.53), SAM(1.0%),
CPD(0.39), FEP(0.72)

1101-1111 AMP(1.0%), SAM(1.0*), FEP(1.0%)

1011-1111 TZP(0.03)

0111-1111 CPD(1.0%)

(*Maximum Probability for Path)
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Table 3-9 CPM Reversions of Substitutions And Associated p-lactam Antibiotics
From Optimal Six Step Treatment Plans

Reversions | Drugs associated with substitutions in optimal
paths (probability)

1111-1110 CEC(1.0%), CAZ(0.74), CTT(0.29), CPR(1.0%),
TZP(0.15)

1111-1101 AM(1.0%), AMC(1.0%), CAZ(0.26), TZP(0.85)

1111-1011

1111-0111 Z0X(1.0%), CXM(1.0%)

1110-1100 TZP(0.49%)

1110-1010 AM(0.10), CRO(0.47*), CPD(0.28), FEP(0.28)

1110-0110 CAZ(1.0*), CPR(1.0%), CPD(0.33), TZP(0.51)

1101-1100

1101-1001

1101-0101

1011-1010
TZP(0.30)

1011-1001
TZP(0.92%)

1011-0011 TZP(0.18)

0111-0110

0111-0101

0111-0011

1100-1000 CTT(0. 25)

1100-0100 CTX(1.0%), ZOX(1.0*), CXM(1.0%)

1010-1000 CTT(0.53%), TZP(0.49)

1010-0010 Z0OX(1.0%), TZP(0.43)

1001-1000 CTX(0.42), CTT(0.56)

1001-0001

0110-0100 CXM(0.58), TZP(1.0%)

0110-0010

0101-0100 CTX(0.42), CXM(0.41), CPD(0.15)

0101-0001

0011-0010 CTT(0.33), TZP(0.45)

0011-0001 CTT(0.20), TZP(0.55)

1000-0000 CPR(1.0%)

0100-0000 AM(0.62%)

0010-0000 TZP(0.71%)

0001-0000 CTT(0.092), CPR(0.14)

(*Maximum Probability for Path)
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Table 3-10 EPM Additions of Substitutions and Associated 3-lactam Antibiotics
From Optimal Six Step Treatment Plans

Mutations

B-lactams associated
with substitutions in
optimal paths
(probability)

0000-1000

0000-0100

0000-0010

0000-0001

1000-1100

1000-1010

1000-1001

0100-1100

SAM(1.0%)

0100-0110

0100-0101

TZP(1.0%)

0010-1010

0010-0110

0010-0011

0001-1001

AM(1.0%), SAM(1.0%)

0001-0101

TZP(1.0%)

0001-0011

1100-1110

CTT(1/4)

1100-1101

AMP(1.0%), CPR(1/4)

1010-1110

CTT(1/2)

1010-1011

1001-1101

1001-1011

CTX(1/2)

0110-1110

CTT(1/3)

0110-0111

0101-1101

AM(1/2), AMC(1/2)

0101-0111

0011-1011

AMC(1/2%)

0011-0111

1110-1111

SAM(1.0%)

1101-1111

1011-1111

CTT(1/3)

0111-1111

SAM(1/2), CPD(1.0%)
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Table 3-11 EPM Reversions of Substitutions and Associated B-lactam Antibiotics
From Optimal Six Step Treatment Plans

Reversions B-Iactan]s_ associated with substitutions in optimal paths
(probability)

1111-1110 CTT(1/3)

1111-1101 AM(1.0*) , AMC(1.0%)

1111-1011

1111-0111

1110-1100 TZP(1/2%)

1110-1010

1110-0110 CAZ(1.0%), CPR(1.0%), TZP(1/2)

1101-1100

1101-1001 CPR(1/3%)

1101-0101 CAZ(1.0%), TZP(1.0%)

1011-1010 CTT(1/3%)

1011-1001 AM(1/2*), CTT(1/3)

1011-0011

0111-0110

0111-0101 SAM(1/2%)

0111-0011

1100-1000 CTT(1/4), CPR(1/4), TZP(1/3*)

1100-0100 CTX(1.0%), ZOX(1.0*), CXM(1.0%)

1010-1000 CTT(1/2*), TZP(1/3)

1010-0010

1001-1000 CEC(1/2%), CTX(1/2*), CTT(1/2*), CPR(1/2*), TZP(1/3)

1001-0001 CEC(1/2%), CPR(1/2%)

0110-0100 TZP(1.0%)

0110-0010

0101-0100 CEC(1/2%), AMC(1/2%)

0101-0001 AM(1/2*), CEC(1/2)

0011-0010

0011-0001 AMC(1/2%)

1000-0000 CPR(1.0%)

0100-0000 FEP(1/4)

0010-0000 SAM(1/2*), TZP(1/2*)

0001-0000 CEC(1/2%), CPR(1/3), FEP(1/3)




49

1111

NN

1110 1101 1011 0111

AT

1100 1010 1001 0110 0101 0011
1000 0100 0010 0001
0000

Figure 3-17: Summary of Optimal Six Step Sequences (EPM and CPM)
Summary of Optimal 6 Step CPM and EPM Treatment Paths beginning at
genotype 1111 and ending at genotype 0000. An arrow indicates that the
substitution is included in a path that starts at 1111 and ends at 0000, where the
pathway has non-zero probability. Black arrows show transitions present in six
step paths computed using both the CPM and the EPM. Red arrows signify
transitions found only in optimum paths computed using the CPM whereas blue
signify transitions only found using the EPM.

Once returned to the wild type state, we identified cycles that would allow for
alternation of antibiotics, and allow for some variation through amino acid
substitution, but then rapidly return bacteria to the wild type state (Table 3-12 and
Figure 3-18). Such cycles were possible for path length of two, four, and six and
the probabilities of those paths were respectively 0.704, 0.617, 0.617. We found
that in the most probable cases, the genotype varied by only one amino acid
substitution before reverting back to the wild type state. However, when
treatment plans with lower probabilities are considered, we find that more amino
acid substitutions in the genotype are allowed.



Table 3-12 Cyclical Treatment Paths showing Substitutions and Associated [3-
lactam Antibiotics

Path length 0000-

and 0010/ 0000-0100/ | 0100-0110/ | 0100-1100/

probability 0010- 0100-0000 | 0110-0100 1100-0100

(prob) 0000

2-step (0.70)

Cycle 1 AM/TZP

4-step (0.62)

Cycle 2 CEC/AM CTX/TZP

Cycle 3 CEC/AM SAM/CTX

Cycle 4 CEC/AM SAM/ZOX

Cycle 5 CEC/AM SAM/CXM

Cycle 6 CEC/AM CPD/TZP

6-step (0.62)

Cycle 7 CEC/AM CTX/TZP(2x)*

Cycle 8 CEC/AM CTX/TZP SAM/CTX

Cycle 9 CEC/AM CTX/TZP SAM/ZOX

Cycle 10 CEC/AM CTX/TZP SAM/CXM
CTX/TZP,

Cycle 11 CEC/AM CPD/TZP

*Steps visited twice along the paths.
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Figure 3-18: Summary of Steps Included in Optimal Two, Four, and Six Step
CPM Antibiotic Cycles

Summary of Optimal CPM 2, 4, and 6 Step Antibiotic Cycles. In this figure,
cycles are distinguished from paths in that TEM-1 (0000) is the first and last
genotype visited, thus creating circular paths. An arrow indicates a substitution
included in a mutational pathway, which starts and ends at 0000, where the
mutational pathway has a non-zero probability for the optimal treatment cycle.
The substitutions that are included in optimal two steps cycles are shown in red.
Substitutions that are included in optimal four and six step cycles are shown in
blue. Four and six step cycles differ only in the number of substitutions and
reversions that occur within each cycle. Their probabilities are identical.

Discussion

In this study, we have developed an experimental approach for measuring
pleiotropy and a computational mathematical approach for optimizing antibiotic
treatment paths. The experimental approach we developed is rapid and high
throughput, consistent with previous work (127), and should be applicable to
many species of resistant bacteria. The mathematical model we created
expresses the problem of antibiotic resistance in general terms, and can
therefore be applied to other resistance phenotypes where pleiotropy occurs to
identify the antibiotic treatment plans that have the highest probability of
reversing the evolution of resistance.

The purpose of this study was to determine whether it is possible to use selective
pressures to return TEM-genotypes to the wild type state, as observed in 1963
when TEM-1 was originally isolated. The methods may also be used to select for
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any particular genotype within our data set. As such, we may select with
reasonably high probabilities, resistance genotypes that existed at some prior
point in time. To highlight this feature, we have named our software package
“Time Machine”.

Once given growth rates of adjacent genotypes, Time Machine returned
treatment plans that restored the wild type state as observed in 1963 with
probabilities greater than 0.6 when using the CPM model and greater than 3/8
(>0.375) when using EPM. These results suggest that when possible it is
desirable to use actual growth rates rather than rough ranking data.

While these treatment methods may have clinical value, we have yet to
determine the ideal duration of each therapy. Additionally the antibiotics included
in our study may have different applications in the clinic. A further issue is that if
new genotypes arise, the treatment plan may fail. The inclusion of more
resistance genes in this type of approach may aid in the creation of robust
treatment plans that are effective even when unexpected genotypes arise.

The discrete optimization problem motivated by our goal to reverse resistance, or
the challenge to build a better time machine, is of independent mathematical
interest. Tables 6 and 7 suggest that the maximum probabilities in each row
stagnate after a limited number of steps. This is not always the case. We have
created an example of two substitution matrices on a 3-locus system where the
maximum probabilities can be increased indefinitely.

These results show that great potential exists for remediation of antibiotic
resistance through antibiotic treatment plans when pleiotropic fithess costs are
known for an appropriate set of antibiotics. While developed using a model of
Gram-negative antibacterial resistance, this approach could also be used for
Gram-positive bacteria and HIV treatment plans.

Methods

Experimental methods

Strains and Cultures

We expressed 16 mutant constructs of the blarem gene in plasmid pBR322 from
strain DH5-aE. The 16 genotypes differ at all combinations of four amino acid
residues and have been previously described (6). We grew them overnight (16
hours) in standing cultures and diluted them to a concentration of 1.9X10° as
described elsewhere (6).

We transferred 80 pl of each culture to a 384-well plate with one genotype
present in each of the 16 rows. The first 12 wells of each row were antibiotic free
(controls) and the last 12 wells contained a single antibiotic at an inhibitory, sub-
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lethal concentration. We tested many concentrations and used those that
maximized our ability to make comparisons between alleles.

After plating, a membrane is placed over the plate and simultaneously
incubated/measured in the Eon Microplate Spectrophotometer at a temperature
of 25.1°C for 22 hours. This relatively cool (<37°) temperature is used because
degradation of the antibiotics is much slower, while the growth rate of the
bacteria is still sufficient to capture the complete exponential period of growth
over the duration of the experiment. Overall, we have found that a temperature
~25°C yields more reliable and consistent measurement of growth rates in the
presence of antibiotics.

Measurements of cell density (light scattering) at a wavelength of 600
nanometers were automatically collected every 20 minutes after brief agitation to
homogenize and oxygenate the culture.

Growth Rates

The data obtained from the microplate spectrophotometer is exported to the
GrowthRates program to derive the growth rates. In essence, by measuring the
optical density at frequent intervals the GrowthRates program can estimate the
growth rate,q, through a linear regression algorithm fitting the data from the
exponential growth phase. Details can be found in (128) in the section entitled
“The Growth Curve” located on pages 233-4. There is not a direct or simple
correlation between this method and other methods such as minimum inhibitory
(MIC) or disk diffusion testing. The output of this program for the data we
collected was a list f(a,), f(a,), ..., f (a;) of 15 tensors, each of format.2x2x2x2

These are the rows in Table 3-4. So if u e {0,1}4 is a genotype, then f(a;), is the

fitness of genotype u in the presence of antibiotic a;. This fitness is a growth rate,
so we are here using the letter f for a quantity often denoted by a

One-Way Analysis of Variance (ANOVA) was then used to compare the means
of the growth rates obtained, and to determine if there were significant
differences between the growth rates of adjacent genotypes.

Correlated Probability Model (CPM)
Once the growth rates have been determined under various experimental
conditions, the next step is to use them to compute fixation probabilities.

If the (multiplicative) absolute fitnesses W,, and W, of two neighboring genotypes

u and v, differ by a small quantity then the (additive) relative fitness

can be approximated by
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is the probability for v to substitute u , where uj are the neighbors of u with higher
fitness than u (125).

Equal Probability Model (EPM)

According to the EPM model, the probabilities are equal for all beneficial
substitutions, so that one needs the fitness graphs only for computing the
probabilities. The matrix entry M(f), , is 1/N if genotype u has N outgoing
arrows and there is an arrow from u to v.

CPM is accurate if fitness differences between genotypes are small, while EPM
may provide better estimates if fithess differences are substantial. Indeed, if the
fitness effects of all available beneficial mutants exceed some threshold, then
fixation probabilities are independent of fitness values (129). We applied both
CPM and EPM, since no complete theory for substitution probabilities exists.
Additionally, comparison of two models is useful in learning how sensitive our
results are for variation in substitution probabilities.

Time Machine Programs
Optimal antibiotic sequences and pathways of genotypes

Let M (f(a)) denote the 16x16 transition matrix we derived for the antibiotic

labeled a .For any sequence a4, a,, ..., a; of k antibiotics, we consider the matrix
product M (f(a,))M(f(a,))M(f(as)). This product is also a 16x16 transition

matrix. Its entry in row u and column v is the fixation probability of genotype
mutating to genotype v under the antibiotic sequence a4, a,, ..., a;. That
probability is a sum of products of entries in the individual matrices M(f(a;)), with
one sum for each possible pathway of genotypes from u to v. The Time Machine
enumerates all 15% antibiotic sequences of length k, and it selects all sequences
that maximize the entry in row u and column v of the matrix product. In a
subsequent step we then analyze these optimal antibiotic sequences, and for
each such sequence, we extract the full list of genotype pathways that contribute.
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We implemented this algorithm in the computer algebra software Maple, and we
ran it for k = 2,3,4,5,6. The running time of the program is slow because of the
exponential growth in the number of sequences. At present we do not know
whether an efficient algorithm exists for solving our optimization problem for
larger values of k.

Cycles of antibiotics

We also used this method to compute cyclical treatment paths in which the
starting and ending genotypes were the wild type 0000. The problem we solved
was somewhat different from the previous one, in that we focused on obtaining
the maximal probabilities of a cycle that includes some substitutions and then
returns to the wild type without halting. Halting means that adjacent genotypes in
a mutational pathway coincide, which is undesirable.




Chapter 4: Statistical Package for Growth Rates
Made Easy

Introduction

Growth rates have become increasingly useful in microbiology and are often
used to quantify phenotypic properties in microorganisms (130). Growth rates are
used in a variety of areas; including proteomics (131), population dynamics (132),
genomic mutation rates (133), and mathematical modeling (134). Studies in
experimental evolution use growth rates as a measurement of fithess (130) and
measure the responses of microorganisms to various environmental factors (e.g.
antibiotics) (135).

Growth rates are calculated using the natural log of the optical density (O.D.) of a
cell culture over time (136). Automatic plate readers that can measure the O.D. of
up to 384 cultures simultaneously have made the collection of growth rate data
very efficient. A software package, GrowthRates has allowed rapid high
throughput analyses of growth rate data (136). GrowthRates has been used in
diverse scientific areas, e.g. to create antibiotic cycling strategies to combat
antibiotic resistance (134), to design programs for age phenotyping in yeast (137)
and to develop smart food packaging that helps prevent spoilage (138) among
others.

The power of modern growth rate experiments comes from the ability to have
many replicate cultures in a plate reader, and the ability to measure growth under
many conditions simultaneously. The conditions may be varied by the genotype
of the organism or by environmental conditions (nutrient source, antibiotic and
inhibitor concentrations, etc.) or both. The growth rates can then be used to
assess fitness differences. However, a challenge presented by the use of a
plate reader is that while their sensitivity makes it possible to identify both large
and subtle differences, variance in replicate growth rates can make it difficult to
determine the confidence of those comparisons. When growth rates are too
similar, it can be difficult to determine the fittest genotype.

In this study, we have focused on strains that have been cultured in sub-lethal
concentrations of antibiotics because the resulting inhibition of growth creates a
situation where variance is a source of concern. We have developed statistical
methods for handling this variation and have automated the use of those
statistics with a series of computer programs. Here, we present a statistical
package for GrowthRates, CompareGrowthRates or CGR, that can measure the
amount of variation within replicates. CGR is a solution to the problem of
measuring variation and the effect of variation on reliability.

56
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Methods and Results

The purpose of any statistical analysis is to evaluate the confidence we have in
the data obtained and in the conclusions drawn from experiments. Confidence in
the reliability of data is measured by the correlation coefficient, R, of the best fit
line to the natural log of the optical density (In(O.D.)) over time. Growth rates are
calculated by taking the slope of that line. Confidence in the conclusions of an
experiment depends upon the variability in the growth rates among members of a
set of replicate cultures, which we will refer to hereafter as a set. Variability is
measured by the V-score for a set, where the V-score is defined to be the ratio of
the standard error of the mean to the mean growth rate for that set, V = ms;n

The lower the V-score, the less variable were the growth rates within the given
set.

GrowthRates reports the growth rate and the correlation coefficient (R) for each
culture. R can be interpreted as a measure of the reliability of the growth rate.
For each set of replicate cultures, CGR reports the mean growth rate, the mean
R and the V-score.

CGR analysis of 45 experiments where the culture conditions were various
concentrations of antibiotics showed that when the mean growth rate was very
low, the maximum O.D. and the mean R were also quite low (R <0.9). In general,
those low and unreliable growth rates were also highly variable, resulting in high
V-scores. We concluded that the growth rates were unreliable in wells in which
growth was very slow and maximum O.D.s were very low.

Reliability of a single growth rate estimate

The GrowthRates program estimates growth rates by identifying the highest
slope among all the slopes of 5 successive time points (136). For that set of
points GrowthRates then, if possible, extends the number of points while the
slope of the extended line remains above 95% of the slope of the initial highest
slope. The reported growth rate is based on the slope of that extended line.
Figure 1, based on data collected in 2017, illustrates that when there is very little
growth over those 5 points the scatter in the readings can result in low correlation
coefficients.
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Figure 4-1: lllustration of effects of O.D. readings at 20 minute intervals vs 60
minute intervals.

This example is from a 2017 experiment in which genotype 1110 grew in the
presence of 0.1 yg/ml ceftriaxone. See supplementary data 2017, sheet CRO 0.1
rr1, cell L9 for the 60-minute interval growth rate. Filled circles: Readings at 20-
minute intervals. Open squares: Subset of readings at 60-minute intervals. Solid
line: Line of best fit to the five consecutive 20-minute interval points that give the
highest growth rate. Growth rate = 0.00177 min™', and R = 0.866.Dashed line:
Line of best fit to the five consecutive 60-minute interval points that give the
highest growth rate. Growth rate = 0.00068 min™', and R = 0.971.
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Figure 4-1 shows many instances where O.D. did not change over several
successive readings. That pattern is typical when the sampling interval is too
frequent relative to the growth rate. The solid line shows the regression line
through the points from 140 to 220 minutes; the line that has the highest slope
among all sequential 5-point lines at 20-minute intervals. The slope of that line
(growth rate) is 0.00177 min™', and the correlation coefficient R = 0.866.

Squares show the subset of those points at 60-minute intervals, and the dashed
line shows the regression line through those points from 300 to 540 minutes; the
line that had the highest slope among all sequential 60-minute points. The slope
of that line (growth rate) is 0.00068 min™', and the correlation coefficient R =
0.971.

The CGR program package includes a program, EditReadingintervals, that
facilitates easy editing of an input file for GrowthRates so that the input file only
includes points at greater intervals than in the original input file.

To test the hypothesis that reading too frequently can decrease the reliability of
growth rate estimates, we edited the GrowthRates input files of several
experiments to delete readings so that the remaining readings were at 60-minute
intervals. We then compared the mean growth rates, mean R, and V-scores of
readings at 20-minute intervals with those of readings at 60-minute intervals.
Table 4-1 shows the result of modifying the reading intervals for one of those
2014 experiments in which the treatment was cefotetan (CTT) at 0.063 pg/ml.
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Table 4-1 Effects of changing the reading interval from 20 minutes to 60 minutes

20 minute reading interval 60 minute reading interval

Set Mean Growth V- Mean | Mean Growth V- Mean
ID Rate (min™") score | R Rate (min™) score | R
0000 0.00673 0.0725 | 0.9768 | 0.00497 0.0250 | 0.9964
0000C | 0.00931 0.3470 | 0.9566 | 0.00490 0.0458 | 0.9954
1000 0.01275 0.3392 | 0.9234 | 0.00505 0.0584 | 0.9960
1000C | 0.01325 0.4109 | 0.9034 | 0.00603 0.1912 | 0.9795
0100 0.01023 0.4195 | 0.9327 | 0.00659 0.2496 | 0.9899
0100C | 0.01933 0.3455 | 0.9197 | 0.00921 0.2582 | 0.9730
0010 0.01086 0.3918 | 0.9546 | 0.00693 0.2341 | 0.9900
0010C | 0.02202 0.3163 | 0.8928 | 0.00745 0.2546 | 0.9707
0001 0.00378 0.0733 | 0.9888 | 0.00358 0.0547 | 0.9961
0001C | 0.00336 0.0687 | 0.9922 | 0.00336 0.0493 | 0.9961
1100 0.00610 0.0853 | 0.9574 | 0.00487 0.0401 | 0.9975
1100C | 0.01203 0.3644 | 0.9105 | 0.00782 0.2720 | 0.9757
1010 0.01500 0.2628 | 0.8896 | 0.00816 0.2207 | 0.9668
1010C | 0.03121 0.2564 | 0.8877 | 0.01068 0.2216 | 0.9569
1001 0.00566 0.0537 | 0.9891 | 0.00470 0.0319 | 0.9959
1001C | 0.00573 0.0928 | 0.9350 | 0.00453 0.0504 | 0.9969
0110 0.00433 0.0790 | 0.9910 | 0.00400 0.0444 | 0.9937
0110C | 0.00458 0.0740 | 0.9878 | 0.00387 0.0642 | 0.9947
0101 0.00592 0.0744 | 0.9793 | 0.00477 0.0410 | 0.9973
0101C | 0.00469 0.0621 | 0.9872 | 0.00437 0.0461 | 0.9977
0011 0.02788 0.2731 | 0.9082 | 0.01040 0.2074 | 0.9461
0011C | 0.01552 0.3288 | 0.8756 | 0.00534 0.0456 | 0.9980
1110 0.02969 0.2085 | 0.8464 | 0.00944 0.2541 | 0.9802
1110C | 0.02198 0.2901 | 0.8942 | 0.00826 0.2469 | 0.9821
1101 0.02528 0.2519 | 0.8675 | 0.01036 0.2266 | 0.9731
1101C | 0.02032 0.3021 | 0.8467 | 0.00822 0.2234 | 0.9666
0111 0.02463 0.2781 | 0.8801 | 0.00779 0.2372 | 0.9705
0111C | 0.00988 0.4363 | 0.9618 | 0.00584 0.1963 | 0.9802
1011 0.01212 0.2989 | 0.8830 | 0.00637 0.1738 | 0.9794
1011C | 0.01014 0.3066 | 0.9103 | 0.00755 0.2471 | 0.9709
1111 0.00490 0.0688 | 0.9828 | 0.00383 0.0452 | 0.9966
1111C | 0.00505 0.0465 | 0.9798 | 0.00383 0.0430 | 0.9973

Note: Sets ending in "C" are controls. Those not ending in "C" include treatment
with the antibiotic cefotetan (CTT) at a concentration of 0.063 pg/ml.
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In each set, a reading interval of 60 minutes improved the correlation coefficient
R by an average of 0.053 across all sets. In all but one set, a reading interval of
60 minutes improved the V-score, and the average improvement was two fold.
We conclude that reading too frequently relative to the growth rate reduces the
reliability of the growth rate estimates and increases the variability.

We applied CGR to the 45 experiments performed in 2014, one of which is
referenced in Table 4-1. One experiment consists of growth rates measured from
16 variant genotypes grown with and without an antibiotic treatment. For each
genotype there were 12 experimental replicate growth rate measurements with
one antibiotic at one concentration, and 12 control replicate growth rate
measurements, without treatment. The 16 genotypes we used were TEM f3-
lactamase variants expressed in Escherichia coli K12.

We performed 45 separate experiments in different antibiotic treatments. This
design requires that we have confidence in the reliability of the mean growth
rates of all 16 experimental and control sets in each experiment. We used a
reading interval of 60 minutes and a minimum mean correlation coefficient of
0.95 for each set, as a standard for growth rate reliability. Fourteen of the 45
experiments were acceptable, meaning that none of the 16 genotypes in any of
those 14 experiments had unreliable growth rates either in the presence or
absence of antibiotics. Repetitions in 2017 brought the number of acceptable
experiments up to 29.

Measuring variation within growth rate replicates (V-score)

The first source of variation we consider is variation among replicates within a
single set. We measure that variation using a Variability-score, or V-score (V=
s.e./mean) where s.e. is the standard error of the mean. For example, if the
mean growth rate is 0.02 per minute, then a s.e. of 0.0001 (V = 0.005) is
considered small and indicates that there is little variation among replicates.
However, if the mean growth rate is 0.0005 per minute, then a s.e. of 0.0001 (V
= 0.2) indicates that there is high variation among replicates. The s.e. alone is
insufficient to give a clear picture of the extent of the variation. The lower V-score
clearly implies less variation. Thus the lower the V-score, the tighter the fit around
the mean growth rate of each data set.

After determining the accepted experiments based on a minimum correlation
coefficient of 0.95, we wanted to determine a threshold of variation within a group
in which we can use to accept or reject an experiment. We plotted the frequency
of control group V-scores from the 2014 experiments and determined the best-fit
distribution (Figure 4-2). Based on the Kolmogorov-Smirnov test, a statistical test
that measures the fit of a dataset to a distribution, the Weibull distribution was the
most significant fit to our data. (It is important to note that one would need to
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calculate one’s own threshold of variation based on her data). Using the Weibull
distribution, we calculated an upper 95% confidence limit (0.053) and determined
that any experiments with V-scores above 0.053 should be repeated because of
high variation within groups.

Y\ —  Weibull
35| \ - - Exponential
e Normal

0.04 0.06
Control V-score

Figure 4-2: Distribution of mean V-scores of TEM-85 2014 data.

This TEM-85 2014 data has been accepted based on the correlation coefficient
thresholds (R > 0.95). Data was fit to three distributions; exponential distribution
in a dashed line (p-value 0.007), Weibull distribution in a solid line (p-value 9.1 X
107®), and normal distribution in a dotted line (p-value 0.0253).

Based on the V-score threshold from the Weibull distribution, two of the 14
acceptable experiments needed to be repeated (Table 4-2). Although the 2014
experiments in Table 2 were acceptable by the criterion of having all correlation
coefficients = 0.95, they were repeated because the mean V-scores exceeded
the threshold of 0.053. The experiments that were repeated in 2017 had V-
scores below the 95% confidence limit threshold.

Table 4-2 V-scores of acceptable experiments that were repeated because of
high V-scores

2014 2017 2017
Repeat 1 Repeat 2
Treatment Control | Experimental | Control | Experimental | Control | Experimental
(pg/mL)
CTT 0.125 0.0739 | 0.1433 0.0195 | 0.0296 0.0173 | 0.0249
CXM 3 0.1187 | 0.0818 0.0209 | 0.0167 0.0159 | 0.0166

Note: CTT = Cefotetan, CXM = Cefuroxime.
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Based on our 29 reliable experiments, we found that for control data (no antibiotic
present) the mean V-score was 0.0189 +0.00099 with a range of 0.0121 to
0.0321. Since the control conditions involve no antibiotic, we judge that this level
of variation reflects random variation in day-to-day conditions and variation in
growth rates for each genotype.

The mean V-score for experimental data (antibiotic present) was 0.0293
+0.00198 with a range of 0.0124 to 0.0502. The presence of an antibiotic (or
other growth inhibitor) significantly increases variability, and hence increases V-
scores.

The experiment shown in Table 4-1 was among those rejected because of
correlation coefficients <0.95. In that experiment the mean V-score (including
control sets and experimental sets) was 0.1437. Table 4-1 shows that many of
the experimental sets had V-scores between 0.2 and 0.25. Many of the other
rejected experiments had mean V-scores > 0.1 as well, more than twice of what
was seen for the accepted experiments. This is consistent with the earlier
observation that low correlation coefficients are associated with high V-scores.

Of the thirty-one 2014 experiments that were rejected because of correlation
coefficients < 0.95, nineteen would also have been rejected on the basis of their
V-scores.

Bootstrapping: Confidence levels when comparing growth rates

Variation within a set of growth rate replicates also contributes to uncertainty
when sets of growth rates are compared, e.g. when trying to determine the fittest
strain or the optimum condition. When comparing two sets the objective is to
determine which one grows faster. If the growth rates of all the members of set 1
are greater than the growth rates of all the members of set 2 (there is no overlap
in growth rates) then we can assume that the cultures in set 1 will always grow
faster than the cultures in set 2. But, if the distributions of growth rates overlap,
we are less confident, and the more the distributions overlap the less confident
we are. If we were to do another experiment, how likely is it that those cultures in
set 1 will be favored? We could repeat the experiment many times and count the
number of times that the mean growth rate of set 1 is greater than that of set 2,
but that is time consuming and expensive. Alternatively, we can accomplish the
same objective statistically by bootstrap sampling.

Let's consider an example in which the two "conditions" are two different strains
of the same species growing in identical media. Suppose that each set has 10
replicate cultures. We randomly sample, with replacement, 10 growth rates from
set 1 to make up a new "bootstrap sample" (139). We do the same for set 2. We
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do this thousands of times keeping track of how many times set 1 grows faster
than set 2 and vice versa. Let’s assume that set 1 grows faster in 90% of the
bootstrap samples and set 2 grows faster in 10% of the samples. We can now
say with 90% confidence that set 1 cultures grow faster than set 2 cultures. If set
1 grows faster in only 50.01% of the samples then we might still say that set 1
grows faster than set 2, but our confidence is much lower (i.e. only 50.01%
confident). It would be more accurate to say that the growth rates of the two
strains are indistinguishable. In practice, we always use an odd number of
bootstrap samples so that there can never be an exact tie between the two sets.
Thus we can determine which strain grows faster and the confidence that
supports that statement.

This same approach can be extended to compare more than two sets. Using the
bootstrap approach we can do all possible pairwise comparisons in each
bootstrap replicate. We define a group as a group of sets that have some
property in common. Often members of a group are to be compared in order to
determine which set grows fastest. For instance, among a group of 10 sets we
might find that set 4 grows fastest in 45% of the bootstrap replicates, set 7 grows
fastest in 35% of the replicates, set 2 grows fastest in 20% of the replicates, and
none of the remaining sets ever grow fastest.

Using the "comparison score" to determine the number of bootstrap replicates to
use.

Because of the stochastic element in bootstrap sampling, different bootstrap runs
on the same data are not identical. CGR does pairwise comparisons of all of the
bootstrap runs to assess their reproducibility. Each bootstrap run determines the
fraction of bootstrap replicates in which each set grew fastest and saves that
information in Table 4-1 of a report file for that bootstrap run. The comparison
score is the sum of the absolute value of the differences of the values in those
tables of the runs being compared. For instance, if a set grew fastest in 0.9 of the
replicates in one run, but grew fastest in only 0.83 of the replicates in the other
run the absolute values of the differences is 0.07. The comparison score for that
pair of runs is the sum of those differences over all sets. If the results of the
different runs were identical, the differences would be zero; because the values
in each table sum to 1.0 the upper limit of the score is 2.0. Thus, the lower the
comparison score the more similar are the two bootstrap runs being compared.

Because of stochastic variation, the more bootstrap replicates in a run, the more
similar are the results of the runs. Figure 4-3 shows that as the number of
bootstrap replicates per run increases the comparison score decreases (i.e. the
runs become more similar), but increasing the number of bootstrap replicates
beyond 10,001 results in very little improvement in comparison scores.
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Figure 4-3: Comparison scores vs number of bootstrap replicates.

Comparison scores as the number of bootstrap replicates per run increase. Ten
runs were done at each number of bootstrap replicates. Experimental data is
depicted with filled circles and control data is depicted by squares. Bootstrap
replicates above 10,001 shows little improvement in comparison score.

The default number of bootstrap replicates per bootstrap run is 10,001, but the
user can increase or decrease that number on the command line. By default
CGR includes 10 independent bootstrap runs, but that the user may change
number as well.

Application of CGR to an experimental dataset

In our experimental design each experiment consists of two groups; an
experimental group grown in the presence of an antibiotic and a control group
grown in the absence of the antibiotic. For the 29 acceptable experiments among
all experiments in 2014 and 2017, the control group V-scores ranged from 0.0121
to 0.031, with a mean of 0.0181 +0.00087 and a median of 0.0159. For the
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experimental group, the V-scores ranged from 0.0124 to 0.0502 with a mean of
0.02936 +0.00206 and a median of 0.0302.

To get a better understanding of how variance can affect our conclusions, we
used the statistical method of bootstrapping as described above. Table 4-1 (60-
minute reading interval) shows that the genotypes 0101 and 1101 grow faster in
the presence of the antibiotic than in its absence (genotypes ending in "C"). So,
how confident are we that the antibiotic actually increases the growth rate in
those genotypes? The results of 10 independent bootstrap runs with 10,001
bootstrap samples per run, give us mixed levels of confidence. For genotype
0101 we are 92% confident that the antibiotic increases the growth rate relative
to the control; for genotype 1101 we are only 77% confident. Intuitively we
expect to have greater confidence when the difference in growth rates is large,
and less confidence when the difference is small. Genotype 0101 grows
imperceptibly faster (4 x 10* min™") than its control, yet we have 92% confidence
that the faster growth is real. Genotype 1101 grows substantially faster (2.14 x
10 min™") than its control, yet we only have 77% confidence that the faster
growth is real. This illustrates the value of bootstrapping for assessing
differences in growth rates.

We are also interested in the question of which experimental genotypes grew
fastest. That information, the faster growing genotype, could be used to predict
the outcomes of competition experiments among all the genotypes in the
presence and absence of an antibiotic. For the experiment in Table 4-1, in the
presence of the antibiotic, genotype 0011 grows fastest with a mean growth rate
of 0.0104 £0.00216 per minute. However, when bootstrapping was used,
genotype 0011 grew fastest only 33% of the time, while genotype 1101 grew
fastest 34% of the time and genotype 1110 grew fastest 20% of the time.

Application of CGR to a set of experiments involving adaptive landscapes

An adaptive landscape (Figure 4-4) is a visualization of the possible evolutionary
trajectories that resistance genes can take in the presence of an antibiotic (96). It
can also provide information about which trajectories are more likely to occur.
Our adaptive landscapes consist of 16 nodes. Each node represents a different
genotype, in comparison to the TEM allele TEM-1, and is depicted using binary
allele code (0,1) where 0 signifies the absence of an amino acid substitution and
1 signifies the presence of an amino acid substitution at a particular position.
Genotype 0000 is TEM-1, genotype 1111 is TEM-85 (60) and see " b-Lactamase
Classification and Amino Acid Sequences for TEM, SHV, and OXA Extended-
Spectrum and Inhibitor Resistant Enzymes" (102). The other genotypes are
intermediates along the evolutionary path from TEM-1 to TEM-85. The edges
are represented by arrows and the arrow direction points toward the node, or
genotype, with the higher mean growth rate. Solid arrows represent significant
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differences between the two mean growth rates they connect, and dashed arrows
represent non-significant differences using one-way ANOVA.
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Figure 4-4: An example of an Adaptive Landscape.

An adaptive landscape estimated from the growth rate means of 16 variant
genotypes within TEM-85. The adaptive landscape was created using the
treatment Cefotetan at the sub-lethal concentration of 0.063 pyg/mL. Arrows point
in the direction of the faster growing genotype, solid arrows represent significant
differences between growth rates (using one-way ANOVA p-value < 0.05),
dashed arrows represent insignificant differences between growth rates (using
one-way ANOVA p-value > 0.05). The genotype that grew the fastest of all 16
genotypes is shown in bold font.

An adaptive landscape (Figure 4-4) can be estimated by comparing the mean
growth rates of adjacent genotypes (130). A pair of genotypes is adjacent if, and
only if one can be transformed into the other by changing a single digit in the
genotype. For example, 0000 and 0100 are adjacent genotypes, as are 1100
and 1101. However, 1001 and 1010 are not adjacent nor are 0101 and 1111.

An alternative method of estimating adaptive landscapes uses the statistical
method of bootstrapping. After completing 10,001 replicates for each of 10 runs,
the results were combined to make a consensus bootstrap landscape (Figure 4-
5).
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Figure 4-5: An example of a consensus bootstrap landscape.

Consensus bootstrap adaptive landscape for the treatment Cefotetan at 0.063
pg/ml. Solid arrows signify a probability > 0.90, dashed arrows represent
probability < 0.90. The genotype that grew the fastest of all 16 genotypes in
every bootstrap run is shown in bold font.

We then used three metrics to assess the reproducibility of adaptive landscapes :
(1) similarity of arrow direction in landscapes based on mean growth rates, (2)
similarity of arrow direction in bootstrap consensus landscapes, and (3) similarity
of rank order of mean growth rates. For rank order we ranked each of the 16
genotypes from each experiment 1-16 (1 as the fastest growing genotype, 16 as
the slowest growing genotype). We then took the absolute difference in rank
order in duplicate experiments divided by the number of genotypes (16) and
calculated the percent similarity.

We considered four antibiotic treatments in which there were three acceptable
replicate experiments (Table 4-3). We were interested in the relationship, if any,
between the mean V-scores of the experiments and reproducibility. Table 4-3
shows for each experiment the mean V-score for that experiment. Table 4-4
shows the reproducibility in pairwise comparisons of repeated experiments based
on the three criteria of reproducibility described above.



Table 4-3 Mean V-scores of accepted experiments

Treatment | 2014 2017 repeat 1 2017 repeat 2
(ng/ml)

CAZ 0.125 |0.0260 +0.00113 | 0.0141 +0.00057 | 0.0172 +0.00236
CRO 0.5 0.0258 +0.00152 | 0.0169 +0.00189 | 0.0183 +0.00164
CRO 0.25 0.0308 +0.00236 | 0.0158 +0.00084 | 0.0148 +0.00090
Z0X 0.0156 | 0.0319 +0.00195 | 0.0147 +0.00076 | 0.0145 +0.00067

69

Note: CAZ = Ceftazidime, CRO = Ceftriaxone, and ZOX = Ceftizoxime

For all four treatments, experiment 1 was rejected because of one or more low
correlation coefficients, and experiments 2 and 3 were repeated experiments in
which the correlation coefficients were improved and the experiment was
accepted. Experiments were consistently more similar when both experiments
were accepted than when one of the two experiments was rejected (Table 4-4).
Rejecting experiments with unreliable data improves reproducibility.

Table 4-4 Reproducibility of adaptive landscapes for the accepted experiments
shown in Table 4-3.

Arrow direction, Arrow direction, Rank order
mean growth rate bootstrap consensus
Treatment | Exp1 Exp1 Exp2 Exp1 Exp1 Exp2 Exp1 Exp1 Exp2
(tg/ml) VS VS VS VS VS VS VS VS VS
Exp2 Exp3 Exp3 Exp2 Exp3 Exp3 Exp2 Exp3 Exp3
CAZ
0.125 53.1% | 40.6% | 56.2% | 53.1% | 37.5% | 56.3% | 64.84% | 67.19% | 71.09%
CRO0.05 |375% |28.1% |71.9% |37.5% |31.3% |75% |56.25% |53.91% | 82.81%
CRO
0.025 43.8% | 34.4% | 68.8% | 50% 40.1% | 78.1% | 60.94% | 55.47% | 89.06%
Z0X
0.0156 53.1% | 59.4% | 93.8% | 56.3% |56.3% | 87.5% | 75.78% | 75.78% | 94.53%

Note: CAZ = Ceftazidime, CRO = Ceftriaxone, and ZOX = Ceftizoxime. Exp1 =
2014, Exp2 = 2017 repeat one , Exp3 = 2017 repeat two .

Conclusions

Growth rates may vary for several reasons, including human error (such as
pipetting error), random biological variation due to environmental or drug
responses, contamination of controls caused by splashing or shaking of the plate
and much more. A major function of CGR is to assist in judging what constitutes
excessive variation in a dataset.

We have developed a statistical package for the GrowthRates program called
CompareGrowthRates (CGR) that allows users to evaluate the reliability of
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growth rates and to measure the amount of variation within their growth rate
datasets. Even on a data set consisting of 384 individual growth rates CGR
requires less than 3 minutes to complete its analysis on a mid-2011 iMac with an
Intel i7 processor and 16 GB of RAM. The program CGR provides a broader view
of the population dynamics of a set of co-existing and competing genotypes than
does just examination of the mean growth rates of the individual sets. That
broader view is likely to provide more realistic understanding of experimental
outcomes. CGR is freely available as a package for Mac OS X, Linux, and
Windows at https://sourceforge.net/projects/growthrates/, the same site that
provides the GrowthRates program itself. The package includes the CGR
executable for all three platforms, a detailed User Guide, the python source code,
and an example folder.

The correlation coefficient is an effective way to measure the reliability of mean
growth rates of a set. We used a minimum mean correlation coefficient of 0.95 to
consider the mean growth rate of a set of replicate cultures to be reliable. Other
investigators may well use different minimum correlation coefficients. Our
experimental design required us to reject an experiment if any of the sets of
replicates fell below that minimum of R < 0.95. That will certainly not always be
the case. Many designs will permit rejection and replication of just those sets
that are unreliable.

The V-score metric is an effective way to measure the amount of variation within
a set of replicate growth rate data points. We find that even when the data are
reliable, high mean V-scores reduce the reproducibility of experiments (Table 4-
4). High V-scores are often associated with low correlation coefficients, but that is
not always the case. Excessive variation can also arise from other unknown
factors. The V-score metric is a descriptive statistic, but it can also be used as a
criterion for rejecting and repeating experiments that are acceptable on the basis
of correlation coefficients.

In the laboratory, and in the real world, there is no way to completely account for
random biological variation. By reading O.D.s at intervals appropriate to the
slowest growth rates we were able to increase correlation coefficients of slow-
growing sets. By using CGR, and rejecting experiments with unreliable data or
excessive variation we were able to lower the variability in our results and as a
consequence, increase the reliability of our interpretations. By using a bootstrap
statistic, it becomes possible to compute the robustness of our interpretations of
data.

We recommend that users of the GrowthRates program use this statistical
package to assess the quality of their data and to assist in their interpretations.



Chapter 5: Does Antibiotic Resistance Evolve in
Hospitals?

Introduction

Antibiotic resistance is a global problem that results from selective pressures
imposed by antibiotic consumption on an industrial scale (43). Most antibiotic
consumption occurs in agricultural, clinical, and outpatient settings. Immigration
of resistant strains throughout the world has made the emergence of resistance
to antibiotics a global problem (140, 141). However, regional differences in the
first appearance of resistant genotypes and their subsequent frequencies indicate
the importance of local factors (142). It is unclear whether global population
dynamics, regional factors, or immediate proximity to antibiotics determines the
frequencies of specific resistance phenotypes in a defined location, such as a
hospital. Any insight into this problem could have major effects on public health

policy.

The success of a hospital-centered effort to reduce antibiotic resistance depends
on whether antibiotic resistance is actually evolving in hospitals. Anecdotal
evidence supports this assumption. For example, in 2011 the U.S. National
Institutes of Health Clinical Center experienced an outbreak of carbapenam-
resistant K. pneumonia that affected 18 patients, 11 of whom died (143). This
scenario illustrates that a specific bacterial strain from a single patient can
become endemic within hospitals, and likely evolve within the hospital
environment.

Typically when evolution of antibiotic resistance is studied within a hospital, it is
either with respect to clonal outbreaks (144), or to evolution in individual patients
with long-term infections (145). While important, these studies do not address the
majority of transmission events in hospitals. For less virulent strains, the
associated transmission of antibiotic resistance goes undetected. Such
transmission is harder to track and deserves attention.

Many hospitals have attempted to reduce the frequencies of resistant isolates,
with mixed success. Cycling antibiotics in individual spinal cord patients has
shown promising results for preventing the emergence of multi-drug resistant
urinary tract infections (146). In a review article (147) analyzing the efficacy of
cycling, the results showed that decreasing consumption of aminoglycosides in
hospitals tends to reduce resistance to them. However, for 3-lactam antibiotics
there is no clear trend of reduced resistance in response to reduced
consumption. This may be due to many factors, including the choice of

71
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antibiotics, the duration of therapies, and outside factors such as immigration
into the hospital from the surrounding community.

There have also been attempts to ameliorate the resistance problem at larger
scales than a single hospital. These too have delivered mixed results. Despite a
nationwide effort to reduce -lactam prescriptions in Turkey, B-lactam resistance
increased, except for carbapenam resistance in Pseudomonas and
Acinetobacter. The frequency of Methicillin Resistant Staphylococcus aureus
(MRSA) also decreased (148). Efforts in agricultural settings have seemed
promising. In Denmark, an agricultural ban of growth promoting antibiotics
resulted in a significant decrease in the frequency of ampicillin, nalidixic acid,
sulfonamide, tetracycline, erythromycin, and streptomycin resistant bacteria in
food animals (149). The ban also resulted in a decrease in Vancomycin Resistant
Enterococci (VRE) in both animal and human populations (150).

We seek to answer the question of whether evolution of antibiotic resistance
occurs in a hospital. By “evolution”, we mean that the historical resistance
phenotypes present in the hospital have a causative effect on the resistance
phenotypes that are subsequently present in the hospital. The alternative is that
antibiotic resistance is due to immigration into the hospital from the surrounding
area. If resistance is due to immigration, then the distribution of resistance
phenotypes in the hospital will be the proportions present in the wider population.
On the other hand, if resistance evolves in the hospital, the distribution will
deviate from such proportions. The relevant dynamics are discussed in Section 4.

Transmission of resistance in the hospital can occur via horizontal gene transfer
between strains of bacteria that are either infectious or commensal (151, 152). It
can also occur via transfer of bacteria between individuals, both patients and
health care workers, through either direct or indirect contact.

Various mathematical models have been created to test the influences of
different elements in the hospital (153-155). Testing resistance trends using such
models requires a hospital to gather extra data. We develop a simpler model,
based on data that hospitals typically gather, for determining whether
transmission of resistance occurs in the hospital.

We conducted a case study with the Dignity Health Mercy Medical Center, a
small community hospital in the Central Valley of California. Collaboration with a
hospital was critical for this study because HIPAA patient privacy laws prevent
patient data from becoming publicly available. We had access to de-identified
patient data associated with ESBL strains for a 2.5 year interval. We developed a
mathematical model and hypothesis test for the emergence of resistance. This is
available as a statistical software package in R. We analyzed temporal data of
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the resistance phenotypes of patient isolates. The unit of analysis in this study is
the resistance phenotypes of patient isolates. Although there may be multiple
resistance genes that confer each phenotype, aggregating based on phenotype
allows us to see that one of the resistance genes was present (63, 156-158).
While it would be ideal to have genomic sequence data to accompany resistance
data, those data are not currently available to us, nor are they commonly
available to most hospitals, particularly those in developing nations. Additionally,
despite the widespread use of sequencing, it has not replaced resistance
phenotype assays because the presence of a gene does not ensure its
expression. Therefore, we use resistance phenotype as a less exact way of
detecting transmission of resistance within a hospital.

This article is organized as follows. In Section 2 we describe the data for our
study: 592 multi-drug resistant isolates along with patient records from the
community hospital. In Section 3 we examine the dependence of antibiotic
resistance on factors other than time, by estimating a graphical model (159). We
found no association between resistance and other patient factors (age, gender,
infectious species, and sample type).This reduces each patient record to a pair
consisting of the date of isolation and resistance phenotype. In Section 4 we
introduce a mathematical model of transmission that assigns weights to pairs of
such pairs. It uses the negative binomial distribution and is inspired by existing
infection models. Parameters are learned from the medical literature. Section 5 is
the heart of this paper. We introduce the NERD method, which tests whether the
time course data are random or not, relative to our transmission model.

The p-values of this hypothesis test are computed for 16 antibiotics. For 13
antibiotics we found no significance, but for 3 antibiotics (Cefepime, Ceftazidime
and Gentamicin) we did find significance. These findings are interpreted and
analyzed further in Section 6. Section 7 offers a broader discussion of the
meaning of our results, and whether it can say something about bacterial
evolution in hospitals under drug pressure.

Patient Data and Resistance Phenotypes

A total of 592 Extended Spectrum B-lactamases (ESBLs) samples were collected
from patients seen at Dignity Health Mercy Medical Center in Merced, California,
between June 24, 2013 and January 23, 2016. ESBL strains are particularly
interesting because they usually contain Class A B-lactamases that evolve very
quickly and very specifically in response to clinical consumption of B-lactam
antibiotics (160). In a previous study (134), we identified B-lactam treatment
plans that could reverse the evolution of ESBL resistant bacteria to penicillin and
narrow spectrum B-lactam antibiotic. In this study we wanted to determine
whether such a treatment plan makes sense in a hospital environment, or



whether treatment plans should be used at a larger scale to manage antibiotic

resistance.

Table 5-1 Summary of Susceptibility Testing Results.

Susceptible Intermediate Resistant

Ampicillin 0 0 470
Ampicillin/Sulbactam 85 113 284
Piperacillin/Tazobactam 429 46 30
Cefazolin 2 3 509
Ceftazidime 6 3 505
Ceftriaxone 6 0 508
Cefepime 7 2 505
Ertapenem 511 0 3
Imipenem 510 0 3
Amikacin 506 2 6
Gentamicin 343 2 169
Tobramycin 280 58 176
Ciprofloxacin 51 4 458
Levofloxacin 55 5 453
Nitrofurantoin 412 59 42
Trimetprim/Sulfamethoxazole 174 0 339
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The samples were identified as ESBLs using Vitek 2 Version 06.01, an
automated rapid detection system for pathogen identification and antibiotic
sensitivity (161). Following ESBL identification, the sensitivity to 16 antibiotics
were also tested using broth microdilution minimum inhibitory concentration
testing and the samples were categorized according to their susceptibility:
Resistant (R), Intermediate (l), or Susceptible (S) based on the MIC Interpretation
Guideline: CLSI M100-S26 (2015).

For each sample, we recorded 1) the date of sample isolation, 2) the age and the
gender of the patient, 3) the species of the bacteria, 4) the tissue/source of the
isolate, and 5) the susceptibility (R/I/S) to the following 16 antibiotics: Ampicillin,
Ampicillin/Sulbactam, Piperacillin/Tazobactam, Cefazolin, Ceftazidime,
Ceftriaxone, Cefepime, Ertapenem, Imipenem, Amikacin, Gentamicin,
Tobramycin, Ciprofloxacin, Levofloxacin, Nitrofurantoin and
Sulfamethoxazole/Trimetroprim. The isolate responses to each of the 16
antibiotics were organized into three possible categories: Susceptible (S),
Intermediate (I) or Resistant (R). Table 1 gives the counts of these categories for
each of the antibiotics.

Of the 592 records, 77 were incomplete or unreliable. We excluded these in our
study. Among the 515 remaining records, most contained susceptibility testing for
all 16 antibiotics. Some did not. This explains why the row sums in Table 1 are
less than 515.

We end this section with a brief summary, aimed at a mathematician who is new
to this subject. Our team worked with a hospital in Merced to obtain data. That
data is a collection of about 500 de-identified patient records. A typical patient
record looks like this: ( 05/17/2015, age 65, female, E. coli, urine,
S,R,1,S,5,S,R,S,S,R,S,1,I,S,R,S ) The string of letters “S”, “I” or “R” is the
resistance phenotype with respect to the antibiotics. Here is the problem we are
studying. For each of the 16 drugs separately, the title of this paper asks a
question. Our goal is to find some answers, from these data alone.

Results

Our first step is to examine the dependence structure among the six discrete
random variables: gender (male or female), age (by decades), tissue source of
the sample (urine, blood, wound, or sputum), species of bacteria (E. coli or K.
pneumonia), resistance phenotype (S, |, or R), and antibiotic. Graphical modeling
is a statistical tool for studying dependence structures among several random
variables (159). The question we seek to answer is whether any of the four
variables gender, age, tissue, and species correlates with the resistance
phenotype for a given antibiotic.
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To this end, we organize the hospital data from Section 2 in a contingency table
of format 2 x 10 x 4 x 2 x 3 x 16. We fit a graphical model to that table using the
methods in the book Graphical Models in R (162). We use the algorithm
described in Section 2.4 of this book. The algorithm searches through the space
of all graphs and terminates when it has locally maximized the Akaike Information
Criterion (AIC). It does not assign p-values to edges in the resulting graph.

The algorithm proceeds as follows. Starting from the full independence model
(the graph with no edges), we compute the AIC at each stage of edge insertion.
This was done using the function forward in the “gRim” package for the statistics
software “R” (163). This aims to ascertain the correct balance between numbers
of edges (parameters) and fit to the data. We also ran the algorithm that starts
from the saturated model (the graph with all edges), and uses the backward
function to compute the AIC of successive edge deletions. Both the forward
algorithm and the backward algorithm terminated with the graph with six nodes
and seven edges that is shown in Figure 5-1.

This preliminary analysis with graphical models suggests that Age, Tissue,
Species and Gender are not correlated to the emergence of resistance. We
therefore disregarded those variables in the subsequent analysis. For our study
of the evolution of resistance, we used only the date of isolation, the antibiotic
and the resistance information.
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Figure 5-1: Best fitting graphical model.

Each node is a discrete random variable. An edge between two nodes indicates
statistical dependence. The first four nodes, (age, gender, tissues and species)

have no edges to the last two nodes (antibiotics, R/I/S). The disconnectedness

indicates statistical independence.
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Hospital Transmission Model

Our study and hypothesis test rest on a probabilistic model we introduce for
hospital-based transmission of antibiotic resistance between patients. We seek a
model for patient interactions at the hospital, either direct or indirect, that have a
causal effect on the resistance phenotype of the latter patient. In what follows,
“transmission” is taken to mean “hospital-based transmission of antibiotic
resistance from one patient to another”.

The image we have in mind for our model is the following. There is a relationship
between the resistance mechanisms carried by individual patient isolates and
those carried by endemic bacteria at the hospital. When patients arrive, they are
exposed to the endemic hospital bacteria. Resistance genes and/or the bacteria
may then be transmitted to the patients, possibly after undergoing some
evolution. When the resistance information of an individual patient isolate is
measured, it gives an indication as to the resistance phenotype of the
surrounding hospital bacteria. Our study uses the phenotypes of patient isolates
as a proxy for understanding the resistance mechanisms of the hospital bacteria.
There are many complicated patterns of causality at play here. The model
identifies those that are consistent with a change that takes place in the hospital.

Single outbreak:

Our model is based on the distribution of subsequent patient infections following
a single bacterial clonal outbreak in a hospital. In such cases, whether the initial
outbreak strain affects a patient depends on the time that has elapsed since the
introduction of that strain. If the infectious strain of a latter patient is checked just
hours after the outbreak strain’s arrival, it is unlikely that there has been
transmission. Likewise, transmission is unlikely if the latter patient visits the
hospital several years after the original outbreak. Between these extreme time-
points, likelihood of contamination is higher. We discretize the temporal
information in units of “days”. The random variable X is the number of days
before a subsequent infection. We assume that X follows the negative binomial
distribution. We do not restrict to patients affected directly by the original patient,
but rather all subsequently affected patients. Note that often the negative
binomial distribution is used to model the number of secondary patient infections,
as in (164). The justification for the use of the distribution in the present context is
given below.

The negative binomial distribution is a discrete probability distribution on the set
of non-negative integers k. It has two parameters p and r. The probability mass

function is

Pa=k) = (“Fr T hpka-pyr.
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Each trial can be either a success (with probability p) or a failure (with probability
1 — p). The distribution models the number of successes before r failures. The
parameter r is known as the over-dispersion parameter. The mean of the
distribution is m = £—.

1-p
The negative binomial distribution is applied to the random variable X, the
number of days before a subsequent infection, according to the following
rationale. Each day is a trial. Failure in a trial represents contact between a
patient and endemic sources of resistance that day. The success probability p is
the probability there is no contact. On the r’th instance of contact with a patient,
transmission of endemic resistance occurs.

Transmission of antibiotic resistance:

We extend the scope of applicability of the negative binomial model to the set-up
of our study. Starting at an initial patient isolate, the random variable X is the
number of days before a transmission causes a latter isolate to have resistance
phenotype caused by the first patient isolate. Transmission of antibiotic
resistance may also involve a change in phenotype. General transmission cases
are harder to detect than single outbreaks; our assumption is that the distribution
is the same. The “single outbreak” case above is the specialization to where the
first patient possesses a deadly bacterial strain, and we model the number of
days until transmission of the strain to a latter patient occurs.

The two parameters in the negative binomial distribution affect the probabilities of
the states of the random variable. The scale at which the process is being
studied affects these probabilities. Transmission over larger scales than the
hospital can occur after a larger number of days. At a global scale, transmission
can sometimes be detected years later in another location (165). The choice of
parameters in our distribution specializes the set-up to hospital-based
transmission.

We collected information from the medical literature to estimate the values of the
parameters for our study. Table 5-2 gives observed statistical parameters for the
occurrence of antibiotic resistance following a hospital outbreak. This is likely to
depend on many factors about a hospital, some of which are included below. We
also note that the variance far exceeds the mean, and as such the data are over-
dispersed.
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Table 5-2 Information from clonal outbreaks and mean/variance computations

Outbreak Size of Number of | Average time Variance | Reference
strain hospital patients in | from patient 0
(beds) outbreak (days)
K. 880 127 439 37856 (166)
pneumoniae
K. 1492 93 1027 49449 (167)
pneumoniae
E. coli NA- 69 340.6 30336 (168)
communit
y clinical
lab
K. 243 17 108.6 2002 (143)
pneumoniae
K. 81 7 122 4852 (169)
pneumoniae
K. 301 36 147 7886 (170)
pneumoniae
E. coli 66 (NICU) | 21 103 4036 (171)

We used the studies in Table 5-2 to estimate our parameters. The table indicates
the importance of the size of the hospital in the mean and variance of the
outbreak distribution. Dignity Health Mercy Medical Center has 186 beds. We fit
our negative binomial parameters to the outbreak distribution of the hospital that
was most similar in size, with 243 beds. This parameter fitting was done using
the function fitdistrin the R package “MASS” (172). The parameters obtained
were

Mean: m = 115
Over-dispersion: r = 8.8
Success probability: p = —— = 0.9289.

r+m

Our parameters say that with probability nearly 93%, there is no transmission on
a given day. It could be that no patient arrived at the hospital that day, or that a
patient did arrive but did not come into contact with the bacteria. The mean
parameter of 115 days indicates that this is the mean length of time for a
subsequent patient to be affected by an original patient. The effect may be
indirect, and can proceed via other intermediate patient interactions. The
parameter r = 8.8 indicates that, on average, on the 8.8’th instance of patient
contact, there is transmission of antibiotic resistance.

Hypothesis Testing with the NERD Method



81

In this section we present the Nosocomial Evolution of Resistance Detector
(NERD) method. This is a statistical hypothesis test, based on the model in
Section 4. We apply it to the data described in Sections 2 and 3. In the context
investigated here, the null hypothesis (Ho) and the alternative hypothesis (H¢) can
be formulated as follows:

Ho: There is no evolution of antibiotic resistance at the hospital.
Hi: There is evolution of antibiotic resistance at the hospital,
according to our model.

The NERD method works as follows. As described in Section 3, the data consist
of antibiotic resistance information and temporal information, for each of our 16
antibiotics. The test is conducted for each antibiotic individually. For example,
according to the second row of Table 1, the data for Ampicillin/Sulbactam is a
sequence of 482 = 85 + 113 + 284 patient records. Each record is a pair.
Concretely, the sequence looks like this: (0, R), (21, R), (21, R), (24, R), ...., (67,
S), (67, 1), (67, R), ..., (963, R), (963, 1) The second and third pairs are patient
records on day 21 with resistance phenotype “R”.

We wish to assess the extent of non-randomness of this sequence, where
departure from randomness is measured according to our model for hospital
transmission. Detecting evolution according to that model minimizes the
interference of antibiotic resistance evolution in the wider community. We perform
this computation as follows.

For each of the nine combinations (SS, SI, SR, IS, Il, IR, RS, RI, RR), we
consider the pairs of records with these states. For example, the SR
combinations are all pairs consisting of an earlier patient who is susceptible (S) to
a particular antibiotic, and a later patient record with resistance (R) to that
antibiotic. These include all possible causal transmissions from S to R in the
data, but not all such pairs represent a causal transmission. Some are simply
pairs SR that occur in the data by chance, or are due to evolution outside of the
hospital. We assess the chance that a given SR pair was due to a true causal
transmission, by assigning a weight to the occurrence of this pair. The weight is
the probability mass function of the negative binomial distribution, with our
estimated parameter values, evaluated at the elapsed time between the two
records. The same is done for all nine combinations.

In summary, we compute a 3x3 table of transmission weights. Each weight is the
sum of the probabilities P(X = [ — e) over relevant pairs of patient records where
e is the date of the earlier record and [ is the date of the later record. Here
‘relevant” means: for a fixed pair of states. In the example of the previous
paragraph these are pairs (e,S) and ([,R).
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We next normalize the 3x3 table of transmission weights by dividing each row by
a constant so that it sums to one. The result is a table whose rows are probability
distributions on the set (173). We refer to this as the table of empirical
transmission probabilities. Its entries are the empirical probabilities of seeing an
earlier patient with one resistance phenotype, and a latter patient with another
resistance phenotype, with a change caused by the hospital environment,
according to the model in Section 4.

This normalization in the previous step means that differences are concentrated
on the final state of a pair, the state of the latter patient, rather than the state of
the earlier patient. We use it to focus our study on significance findings that
pertain to the latter state, since these are an indication of changes occurring at
the hospital.

At this stage of the NERD method, we have a table of empirical transmission
probabilities. As an example, we show these probabilities for
Ampicillin/Sulbactam in Table 5-3. The rows refer to the earlier patient and the
columns to the latter patient.

Table 5-3 Empirical probabilities for Ampicillin/Sulbactam

Susceptible Intermediate Resistant
Susceptible 0.17782 0.23778 0.58439
Intermediate 0.16256 0.23457 0.60287
Resistant 0.17117 0.22806 0.60077

The null hypothesis assumption is that there is no departure from randomness in
the data. This represents a lack of antibiotic resistance trend in the hospital, with
time-delays that could be indicative of a hospital-based transmission. Under this
assumption, we expect the three rows of the matrix to be identical. This is the
mathematical meaning of the null hypothesis (Ho). The biological interpretation of
(Ho) is that that future antibiotic resistance phenotype is not affected by the
historical resistance phenotype, except via the average proportions of each
resistance phenotype.

For the expected probabilities under (Hp), each row of the matrix is the proportion
of patients of the corresponding resistance phenotype. This is obtained by
dividing the number of counts S, | or R in the sequence by the length of the
sequence. For Ampicillin/Sulbactam this length is 482, and we obtain the
expected probabilities in Table 5-4.

Table 5-4 Expected probabilities for Ampicillin/Sulbactam under the null
hypothesis
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Susceptible Intermediate Resistant
Susceptible 0.17635 0.23444 0.58921
Intermediate 0.17635 0.23444 0.58921
Resistant 0.17635 0.23444 0.58921

The observed values in Table 5-3 differ from the expected values in Table 5-4.
To quantify this difference between the two 3x3 tables, we use the X test statistic

(observed — expected)?
expected '

Here the sum is taken over all nine entries. For every 3x3 table whose rows are
probability distributions on three states, the value of this test statistic is a
nonnegative real number that measures the distance to the distribution expected
under (Ho).

Our goal is to associate p-values to our data with respect to the X test statistic.
To do this, we use a permutation test to compare our test statistic with that of
randomly generated data. The p-value is the proportion of permutations whose x?
test statistic is larger than the value computed in the data. In theory, the p-value
could be obtained by considering all possible permutations of the observed
resistance information, and finding the proportion of permutations that have
larger x° value than our observed data.

For example, for the Ampicillin/Sulbactam data described above, the total
number of possible permutations of the data sequence is given by the
multinomial coefficient

482 482!
(85, 113,284) ~ 85111312841 6 X107
This extremely large discrete problem can be approximated to good accuracy by
generating 10,000 random permutations. We permuted the data accordingly,
computed the X test statistic, and compared it with the x? value for Table 5-3.
The proportion of outliers was found to be 0.141. This is the p-value for the
Ampicillin/Sulbactam data according to the NERD method. The analogous p-
values for all 16 antibiotics are shown in Table 5-5.

In Table 5-5 we see that only three of the p-values are less than the commonly
used threshold of 0.05, thus indicating significance for these three among the 16
antibiotics.
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Table 5-5 Hypothesis test p-value results.

Antibiotic p-value
Ampicillin All samples resistant
Ampicillin/Sulbactam 0.141
Piperacillin/Tazobactam 0.426
Cefazolin 0.317
Ceftazidime 0.003*
Ceftriaxone 0.659
Cefepime 0.032
Ertapenem 0.395
Imipenem 0.403
Amikacin 0.565
Gentamicin 0.020
Tobramycin 0.116
Ciprofloxacin 0.096
Levofloxacin 0.123
Nitrofurantoin 0.192
Trimethoprim/Sulfamethoxazole 0.224
Discussion

We used the NERD method to study each of the 16 antibiotics separately. For
each antibiotic, we investigated the non-randomness of the data according to our
hospital transmission model. For temporal information we used the patient record
date (assumed to be approximately three days after the patient arrived at the
hospital). The antibiotic resistance phenotype was measured on a three-point
scale (R, I, S).

The results seen in Table 5-5 indicate that the hospital environment did not have
a significant effect on the evolution of over 3 of the antibiotics. However, the
antibiotics Ceftazidime, Cefepime and Gentamicin have p-values below the 0.05.
The star by the value for Ceftazidime indicates that this p-value remains
significant after applying the Bonferroni correction to account for the 16
antibiotics tested. While the p-values of Cefepime and Gentamicin are not
significant after this correction factor, their small p-values are still a point of
interest in examining differences among our 16 antibiotics.

Since our study involved the two species of bacteria (E. coli and K. pneumonia)
to determine whether the two species yielded different results we ran the method
separately for each. We found that this had no effect on the significance of the p-
values.
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Having assessed the extent of departure from non-randomness under our model,
we return to the data to examine the implications of this conclusion. The NERD
method does not preferentially look for antibiotic resistance transmission of a
particular kind. It does not preferentially detect changes from Susceptible to
Resistant. Therefore, if there is a trend in antibiotic resistance over time, it
remains to determine the directionality of this trend. We do so by introducing the
notion of relative cumulative resistance.

The cumulative resistance at a given time point tis the number of resistant
isolates plus half the number of intermediate isolates recorded up to time t. We
computed the actual curve from the data. The expected curve would be a straight
line between zero resistance in June 2013, and the total cumulative resistance
score in January 2016. The relative cumulative resistance is obtained by
subtracting the expected cumulative resistance from the observed cumulative
resistance.

If there are more susceptible patients near the start of the timeframe, and more
resistant patients near the end, then the cumulative resistance curve is below the
expected line, having a positive second derivative. Conversely, more resistant
patients at the start of the time-window result in the cumulative resistance
increasing more sharply at the start, before flattening off at the end of the
timeframe. It will sit above the expected line and have a negative second
derivative.

This analysis rests only on our data and does not depend upon any parameter
choices. Since we consider all antibiotics across the same time frame, and we
study qualitative comparisons between the trends, we do not worry about
normalization of the y-axis: we do not wish to interpret particular values on the y-
axis.

Figure 5-2 shows trend information for the three antibiotics with p-values less
than 0.05. It demonstrates that the directionality of the resistance change does
not match that of global trends. From Figure 5-2, we conclude that trends in the
frequencies of antibiotic resistant isolates in hospitals are not always increasing;
they can indeed decrease as a result of evolution over time. The robust departure
from randomness in our results indicates that the hospital environment can
influence the frequencies of antibiotic resistant bacteria. The prescription of
specific antibiotics may be relevant.
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Figure 5-2: Change in relative cumulative resistance of three antibiotics over
time.

The graph plots the difference between the actual cumulative resistance, from
our data, and the expected cumulative resistance. A value below 0 indicates an
antibiotic with a trend from Susceptibility to Resistance over time; a value above
0 indicates a trend from Resistance to Susceptibility. Cefepime and Ceftazidime
have a trend away from resistance. The trend for Gentamicin is neither positive
nor negative overall. It follows an annual cycle, indicating seasonal variations in
resistance phenotype.

Conclusion

It is standard practice within hospitals to isolate infectious strains from patients
and to determine their susceptibility to a panel of antibiotics relevant for
treatment. This informs hospital staff of the best therapies available to individual
patients. Additionally, the data enable hospitals to observe antibiotic resistance
trends over time. Analysis of resistance trends is usually manual and consists of
basic summary statistics of the bacterial populations aggregated over time. From
such summaries, it is difficult to asses whether an antibiotic resistance trend is
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significant or not, and whether it is caused by immigration of bacteria into
hospitals from the surrounding community.

We developed an automated quantitative method that produces a p-value to
assess the significance of hospital-transmission trends while minimizing the
effect of day-to-day variation in infectious strains brought in by patients. The
method is based on the data that is often gathered by hospitals, and as such
does not require them to expend resources gathering new data. The method
incorporates a model of hospital transmission to determine whether resistance
rates are a function of the hospital environment. We called this method the
Nosocomial Evolution of Resistance Detector (NERD). It is available in the open-
source R package “NERD?”, at https://github.com/seigal/NERD/.

We applied NERD to all 16 antibiotics in our study, and we drew conclusions
independently for each of them. Since we did not specifically focus on those
antibiotics that have low p-values, our p-values have not been adjusted to correct
for multiple hypothesis testing. However, we note that one antibiotic remains
significant after this correction factor, with significance implications. Future users
of NERD who apply the method to search for antibiotics with evolving resistance
will want to correct for multiply hypotheses using the Bonferroni correction.

For 13 of the 16 antibiotics, resistance phenotypes did not differ significantly from
the antibiotic resistance phenotypes generated under the null hypothesis. This
means that the hospital environment did not contribute to the evolution of
antibiotic resistance more than outside factors. The histories of these antibiotics
provide some context.

B-lactams (penicillins, cephalosporins, penicillin/inhibitors, carbapenems) were
the most heavily used class of antibiotics for ~60 years, and they continue to be
popular. Penicillins similar to amoxicillin are heavily used by the agricultural
industry (174), and cephalosporin (Cefazolin and Ceftriaxone) consumption is far
greater outside of the hospital than inside. Penicillin/inhibitor combinations are
widely used in outpatient and hospital settings, but some such as
Pipercillin/Tazobactam are mainly administered within hospitals. Consumption of
carbapenems is more restricted than other B-lactams and mainly occurs within
hospitals.

Fluoroquinolones (Ciprofloxacin and Levofloxacin) became the most heavily used
antibiotics in the USA after the 2001 anthrax attacks (175). Ciprofloxacin was the
only antibiotic that had FDA approval for the treatment of anthrax. Their
popularity has persisted, and their resistance has increased. They all share
resistance mechanisms. Outpatient use of ciprofloxacin is at a much larger scale
than hospital consumption.
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Aminoglycosides (Tobramycin) received FDA approval in the 1970s and some
have been used heavily in agriculture. Nitrofurantoin received FDA approval in
1953. Trimethoprim/Sulfamethoxazole received FDA approval in 1973. It can be
used as an outpatient drug.

For the above antibiotics, large-scale consumption outside of the hospital
probably limits the effect of hospital consumption. Resistance rates appear to be
driven by bacterial populations outside the hospital. This accounts for their
insignificant p-values.

Three of the antibiotics in our study were affected by the hospital environment.
The evolution of Cefepime and Ceftazidime resistance is particularly striking. The
similarities in relative cumulative resistance of Cefepime and Ceftazidime
suggest that a single resistance gene is responsible for their resistance trends.
There are not many resistance genes that simultaneously confer these two
resistance phenotypes.

Cefepime is a cephalosporin type antibiotic that was introduced in 1994 for the
treatment of moderate to severe infections such as pneumonia and urinary tract
infections. It is only administered through injection and has no outpatient
applications. Since Cefepime became widely used, resistant organisms have
appeared. One of the first resistance genes found to hydrolyze Cefepime
efficiently was CTX-M (66).

Numerous clinical strains of E. coli (176, 177) and K. pneumonia (178, 179) are
resistant to Cefepime as a result of CTX-M expression. Additionally CTX-M has
increased in frequency in clinical populations of bacteria and is now replacing
other genes as the most commonly encountered. At the time of its first discovery,
CTX-M did not confer Ceftazidime resistance, but subsequent mutations
conferred this effect. In particular, the CTX-M-15 variant confers resistance to
both Cefepime and Ceftazidime and is commonly detected in hospitals.

In a study for future publication (180) we confirmed that presence of the CTX-M-
15 gene is correlated with phenotype resistance to Cefepime and Ceftadizime.
This demonstrates the strength of the NERD method in monitoring resistance
genotypes. We performed whole genome sequencing for 48 isolates. For 39 of
isolates (81.3%), resistance phenotype for ceftazidime and cefepime aligns with
the status of CTX-M-15: 26 isolates had the CTX-M-15 gene and were resistant
or intermediate to both antibiotics, while 13 isolates had neither CTX-M-15 nor
phenotype resistance. For 42 of isolates (87.5%), resistance aligns with status of
any CTX-M variant: 32 isolates had a CTX-M gene and resistance to ceftazidime
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and cefepime, while 10 had neither. The correlation demonstrates that the NERD
method can be used as a proxy for monitoring resistance genes.

Gentamicin is an aminoglycoside that has been available since the 1970s.
Despite heavy use in agriculture, resistance rates for this antibiotic are moderate.
It is also used in the treatment of urinary tract infections. Since the emergence of
CTX-M resistance genes and Carbapenem resistant Enterobacteriaceae in
urinary tract infections, non-B-lactam antibiotics have become necessary as
primary treatment options for UTIs, and this may explain the significant
Gentamicin resistance trend we observed.

Our results highlight that an individual hospital is an important but small piece of
the overall resistance problem. Factors such as agricultural consumption of
antibiotics, outpatient prescriptions and a high frequency of resistance genes in
bacterial populations throughout the world also have a strong effect. Our results
highlight the necessity of addressing antibiotic resistance at a larger scale. This
may be at a community, regional, national, or global scale. Efforts at all levels
are likely to help. For detection of trends within hospitals, from data that is
routinely collected, the NERD method can be helpful.



Chapter 6: A Comparative Analysis of the Genetic
Interactions Between Amino Acid Substitutions
within blaTEM.5oand blaTEm.35

Introduction

Antibiotic resistance is a natural phenomenon and was present long before the
human production, use, and spread of antibiotics (3, 26). While it is evident that
high concentrations of antibiotics select for antibiotic resistant bacteria, it is now
understood that low levels of antibiotics, i.e. sub-lethal concentrations, can enrich
for resistant mutants even more so than high concentrations of antibiotics (50,
54, 181).

Resistant bacteria have been shown to be highly selected for at low
concentrations (0.047 pg/mL — 1024ug/mL) of commonly used antibiotics (181).
Another study shows that the presence of sub-lethal concentrations of
streptomycin (0.2 yg/mL — 2 ug/mL) increased the rate of phage resistance
evolution (182). This potential is important because sub-lethal concentrations of
antibiotics, ranging from 0.0078 pg/mL to 3072 ug/mL, have been identified in
many natural environments such as wastewater treatment plants, soil, effluent
water supplies from hospitals, livestock, aquaculture, and humans (44-53).

Recently, it has been shown that both the type, and sub-lethal concentration, of
15 commonly used p-lactam antibiotics play a major role in the evolutionary
possibilities within the TEM p-lactamase resistance gene (4, 6). This is crucial
because the TEM f-lactamase resistance gene is the most common plasmid-
mediated p-lactamase in gram-negative bacteria (64, 183, 184) and is found
around the world (165). In fact, TEM B-lactamases are found in almost all species
of Enterobacteriaceae world-wide (183, 185, 186). This is due to an increasing
number of them being discovered on plasmids, integrons, and transposable
elements within bacteria (50, 67, 71, 72, 171, 187-190).

Interestingly, many studies show patterns of epistasis and major epistatic
interactions among mutations within the blarem-1 (4, 6, 61, 97, 190). The strong
selection, weak mutation model (SSWM) is commonly used to study epistatic
interactions within adaptive landscapes and suggests that substitutions and
reversions are only selected if their occurrence results in a greater fithess (103).
Epistatic interactions between substitutions have been studied across genome-
wide adaptive landscapes and show that epistatic interactions cause large
fluctuations of accessibility within landscapes (191). However, the effect that
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epistasis has on the accessibility of the global optima for naturally occurring
mutations across multiple selective pressures has not been previously studied.

We wanted to compare the effects of the sub-lethal concentrations of -lactam
antibiotics, similar to those concentrations identified in the environment, on the
evolution of two TEM variants, blarem-ss and blarem-so. The TEM variant blarey-ss
has evolved to confer resistance to cephalosporins, and blareu.so, the first
complex mutant TEM, has evolved to confer resistance to both cephalosporins
and inhibitors (79). Inhibitor resistance and cephalosporin resistance typically do
not co-occur (102). We hypothesized that the substitutions within blarem-50 would
result in more rugged adaptive landscapes, i.e. contain more epistatic
interactions, than blarem-s5. Indeed, we were able to show not only that this is the
case, but we also found multiple pathways that selected for every genotype
throughout the adaptive landscapes of blarem-gs, similar to those previously
published for blarem.so (4).

Results and Discussion

Antibiotic type and concentration select for different genotypes within blarey.ss .

We measured the growth rates of the 16 genotypes that can be generated from
all combinations of the four amino acid substitutions within blarem-ss (Table 6-1).
After measuring the growth rates, we created adaptive landscapes for each
treatment, where one treatment consists of one antibiotic at a single
concentration. We used 12 antibiotics at three concentrations, and one antibiotic
at two concentrations, resulting in a total of 38 treatments (Table 6-2). To resolve
variation resulting from experimental error, we duplicated some treatments (792).

The generated adaptive landscapes compare the mean growth rates of adjacent
genotypes, where adjacent genotypes are defined to be those that differ by only
one amino acid substitution. In each case, arrow direction points toward the
genotype with the higher mean growth rate. The arrow direction can signify either
selection for new substitutions (when the genotype with more substitutions has a
greater mean growth rate), or it can signify selection for reversions (when the
genotype with fewer substitutions has a greater mean growth rate). Adaptive
landscapes were analyzed using One-way Analysis of Variance (ANOVA), where
solid arrows represent a statistically significant difference between growth rates
(p-value < 0.05), and dashed arrows represent non-significant differences
between growth rates (p-value = 0.05). An example of these adaptive landscapes
for one antibiotic at three concentrations is shown in Figure 6-1.
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Table 6-1 Constructs containing all of the possible combinations of substitutions

in b/aTEM-85.

Binary Substitution Isolated Year
Code

0000 TEM-1 TEM-1 1965
1000 L21F TEM-117 | 2003
0100 R164S TEM-12 1999
0010 E240K TEM-191 2011
0001 T265M TEM-168 | 2009
1100 L21F/R164S TEM-53 1999
1010 L21F/E240K - -
1001 L21F/T265M TEM-110 | 2002
0110 R164S/E240K TEM-10 1989
0101 R164S/T265M - -
0011 E240K/T265M - -
1110 L21F/R164S/E240K - -
1101 L21F/R165S/T265M TEM-102 | 2003
1011 L21F/E240K/T265M - -
0111 R164S/E240K/T265M - -
1111 TEM-85 TEM-85 2005

The left-most column shows the binary allelic code we used to represent these
variants in the adaptive landscapes. The number ‘1’ represents a substitution
present and a ‘0’ represents no substitution present at a specific location. The
second column lists the substitutions with the first letter representing the amino

acid that was replaced, followed by the position in the protein, and lastly, the new

amino acid. If the variant has been clinically identified, the name is listed in the

third column along with the year of isolation in the last column.
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Table 6-2 List of the p-lactam antibiotic treatments used.

The full antibiotic name is listed in the left column, the abbreviation in the middle
column, and the concentrations used in the right column. For the treatments SAM
and TZP the inhibitors (Sulbactam and Tazobactam) were used at a constant
8ug/mL and the concentration of the penicillin changed (listed). Bolded
treatments were used for both blarem-so and blarew-gs.

Antibiotic Name Abbreviation | Concentrations (pg/mL)
Amoxicillin AM 256, 512

Ampicillin AMP 1024, 2048, 3072
Ceftazidime CAZ 0.125, 0.25, 0.5
Cefaclor CEC 2,4,8

Cefprozil CPR 8,12, 16

Ceftriaxone CRO 0.025, 0.05, 0.1
Cefotetan CTT 0.063, 0.125, 0.25
Cefotaxime CTX 0.03,0.06, 0.123
Cefuroxime CXM 2.25,3,4

Cefepime FEP 0.0312, 0.0625, 0.125
Sulbactam + Ampicillin SAM 8, 16, 32
Tazobactam + Piperacillin | TZP 32,64,128
Ceftizoxime 20X 0.0078, 0.0156, 0.03
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Figure 6-1: Adaptive Landscapes for Cefotaxime (CTX) at various
concentrations.

A) 0.038 pg/mL, B) 0.06 pg/mL, C) 0.123 pg/mL. Arrows connect genotypes that
differ by only one amino acid substitution and point in the direction of the greater
mean growth rate. Solid arrows represent statistical significance with a p-value <
0.05 using one-way ANOVA. Dashed arrows represent non-significance, p-value
= 0.05. The genotype that has the highest mean growth rate in each treatment,
global optimum, is highlighted in bold.
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In each adaptive landscape, we identified the global optimum, or the genotype
whose growth rate was the highest when compared to the other 15 genotypes
within the same treatment. To identify the genotypes that contribute the most and
least to resistance across all the antibiotics we tested, we plotted the frequencies
of the three fastest and three slowest growing genotypes within all treatments
(Figure 6-2). Overall, the triplet 1101 (L21F/R164S/T265M, blatem-102) appeared
most frequently in the top three global optima (30 out 38 treatments) followed by
blatem-ss (1111); which appeared 25 times in the top three global optima. These
two genotypes have been clinically identified and both contain the strongly
selected substitution R164S, which has been shown to increase the enzymatic
activity of the p-lactamase (193).

Although the genotype 0011 (E240K/T263M) has not been clinically isolated, it
appears as the third fastest growing genotype (Figure 6-2). This observation
raises the question as to why the genotype 0011 (E240K/T263M) has not been
clinically isolated yet, especially since it appears more frequently than the 0110
(R164S/E240K blarem-10), Which has been clinically isolated. This could be due to
the antibiotic treatments we used, or phenotypic responses resulting from this
genotype as concentrations of antibiotics change (discussed further below).

Surprisingly, blatem-1 (0000) appeared as the global optimum in the treatment
Cefprozil 16 pyg/mL, and four times as second fastest in the treatments
Amoxicillin 512 pyg/mL, Sulbactam + Ampicillin 32 ug/mL, Cefuroxime 3 pyg/mL
and Ceftazidime 0.125 pyg/mL. The variant blarem.1 is efficient at hydrolyzing
penicillins, so it is expected to perform well under penicillin treatments. However,
it was surprising that it appeared in the fastest three growing genotypes in the
presence of three cephalosporin treatments.

The three genotypes that appeared most frequently as the slowest growing
across all treatments were 1110 (L21F/R164S/E240K), 0111
(R164S/E240K/T265M) and 1010 (L21F/E240K). None of these genotypes have
been identified in clinical isolates, but all of them contain the substitution E240K,
which has been shown to have negligible effects on the structural and catalytic
integrity of the TEM p-lactamase. It typically occurs with other hydrophilic
substitutions, and is found frequently in variants with substitutions in close
proximity, such as sites 237 and 238 (193). The lysine substitution forms an
electrostatic bond with the carboxylic acid groups on other oximino substitutions
within close proximity (193). These structural studies support our findings, and
explain why the genotypes containing E240K in combination with L21F and
T265M do not grow well in the presence of p-lactam antibiotics.
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Fastest and Slowest-Growing genotypes within blarem-ss

|

Figure 6-2: Frequency of the three fastest and three slowest growing blatem-ss
genotypes.

Frequency of blarem-gs genotypes appearing in the three highest growth rates
(dark grey) and three lowest growth rates (light grey) across all 38 antibiotic
treatments. Asterisks (*) appear next to the genotypes that have been clinically
identified. The genotype 1101, with the substitutions L21F, R164S, and T265M
(blatem-102), is the most frequently appearing genotype followed by blargm-ss and
R1 648, E104K (b/aTE|v|-1o).
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Growth rates for each of the genotypes within blarem-gs increase as antibiotic
concentration increases for the majority of g-lactam antibiotics used.

We then questioned how changes in antibiotic concentration affect each blarem-ss
genotype. As the antibiotic concentration increased, the growth rates for many
genotypes also increased. We plotted the growth rate of each genotype against
the concentration of each treatment and measured the slope of the line of best fit.
We found up to 9 genotypes had positive slopes in 10 out of the 13 antibiotics,
with the majority of these being clinically identified genotypes. Table 6-3 shows
the list of antibiotics with the alleles that had positive slopes. Ampicillin and
Cefepime treatments had the most genotypes with positive slopes (8 and 9
respectively). We speculate these genotypes result in an efficient hydrolysis of
antibiotic, allowing the bacteria to use the degraded antibiotics as a carbon
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source, resulting in an increased growth rate.

Table 6-3 List of antibiotic treatments that had genotypes with positive slopes.

Antibiotic Number of Genotypes List of Genotypes

Ampicillin 9 TEM-1, L21F,
E240K, T265M, LR,
LE, LT, ET, LRT

Ceftazidime 3 LR, RE, TEM-85

Cefaclor 5 LE, ET, LRE, LET,
TEM-85

Cefprozil 6 TEM-1, L21F,
E240K, T265M, LE,
LRE

Ceftriaxone 4 RE, RT, LRT, RET

Cefotaxime 1 TEM-85

Cefepime 8 R164S, LR, RE, RT,
LRT, RET, LET, TEM-
85

Sulbactam + Ampicillin 5 TEM-1, E240K,
T265M, LT, ET

Tazobactam + Piperacillin 6 L21F, R164S, ET,
LRT, RET, TEM-85

Ceftizoxime 1 LRT

The slope of the line of best fit was measured when the growth rates were plotted
against antibiotic concentration for each treatment. This table shows the
antibiotics (left column) that had any genotype with a positive slope, the number
of genotypes with positive slopes (middle column) and a list of those genotypes
(right column). Clinically identified genotypes are bold. Of particular interest,
seven out of the eight genotypes with positive slopes in Cefepime, a fourth
generation cephalosporin, contained the substitution R164S, which is the most
common substitution found in TEM-variants and has shown to contribute to the
efficient hydrolyzation of cephalosporins (193).

Pathways throughout the adaptive landscapes select for new substitutions within
blatem-ss

Using our adaptive landscapes, we identified the pathways where adaptation
occurs through new substitutions. We assumed the strong selection, weak
mutation (SSWM) model (103) and surprisingly found that only 58% of the
adaptive landscapes had pathways leading from wild type (blarem-1) to the global
optimum. However, there were eleven cephalosporin treatments that had
pathways to blarem-gs even though blarem-gs did not appear as global optimum.
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This result supports the fact that blarem-gs has evolved to efficiently hydrolyze
cephalosporins. In our previously published study of blatem-so adaptive
landscapes, 97% (29/30) of the adaptive landscapes had pathways to the global
optimum. This supports our hypothesis that there is more sign epistasis within
the blatem-so landscapes as opposed to those for blatew-gs (4).

We were interested in comparing the effects of identical antibiotic treatments
(bolded in Table 6-2) on all possible combinations of substitutions within blarem-ss
and blatem-s0. In an effort to understand the fitness differences between the
blatem-s0 and blaTtem-gs landscapes, we focused on the epistatic interactions
between the amino acid substitutions present within each gene.

Selection for new substitutions depends on antibiotic type.

To investigate whether the different types of -lactam antibiotics selected more
for the substitutions within blatem-so than blarem-ss, we counted the number of new
substitutions and reversions selected in each adaptive landscape and calculated
this ratio. If this ratio was greater than 1, there was a stronger selection for new
substitutions (Figure 6-3). We found that for both blarem-s5s and blarem-so, new
substitutions were favored in cephalosporin treatments. Interestingly, new
substitutions were not favored for blatem-s0 in penicillin + inhibitor treatments. This
is surprising because blarem-s0 has two amino acid substitutions that confer
inhibitor resistance. This can be explained by negative sign epistasis with the
other two substitutions.

The substitutions in blarem-s0 contribute either to cephalosporin resistance or
inhibitor resistance, often through mutually exclusive changes in the binding
pocket. While cephalosporin resistance results from a looser more open binding
pocket, inhibitor resistance usually results from a more rigid and compact binding
pocket (193). The occurrence of these opposing types of substitutions in a single
enzyme probably reduces the number of genotypes where new substitutions are
selected.
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Figure 6-3: Frequency of the ratio of new substitutions to reversions within blartew.
g5 and blaTtem-s0 adaptive landscapes.

The frequency of the ratios of new substitutions: reversions within the adaptive
landscapes of blarenm-so (left) and blarem-ss (right). The ratios were calculated
based on the number of forward arrows (N - new substitutions) to reverse arrows
(R - reversions). If this ratio was greater than 1, then new substitutions were
favored (N>R). If this ratio was less than 1, then reversions were favored (N<R).
If the number of new substitutions was equal to the number of reversions, then
N=R. Cephalosporin treatments are colored light grey, Penicillin + Inhibitor
treatments are colored dark grey and Penicillin treatments are colored black.

The adaptive landscapes of blareum.so are more rugged than the adaptive
landscapes of blatey.ss.

Because blarem-gs does not carry any substitutions that confer resistance to
inhibitors, we questioned whether this meant more or less epistasis compared to
blatem-so- This leads us naturally to investigate the relative frequencies of
epistatic interactions within the blargu-ss landscapes compared to the blarem-so
landscapes. The pair-wise epistasis mean (PWEM) was calculated as the
average epistasis between all possible pairs of substitutions:

Wab * WO
PWEM = lOglom,
where W, is the mean growth rate of the unmutated genotype, blaren.s. W, and
W, are the mean growth rates of the genotypes with single substitutions, and W,
is the mean growth rate of the genotype with the double substitutions (194).
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Defining epistasis this way allows the measure normalization to be invariant,
which allows for a straightforward comparison among different genotypes and
their growth rates.

As suspected, we found that blarem-s0 had greater pair-wise epistasis means in
11 out of the16 treatments, meaning that the adaptive landscapes for blarem-so
were more rugged (i.e. more epistatic interactions between the amino acid
substitutions present) as compared to blarem-ss. We found that blaregn.gs did have
more epistatic interactions in both of the Amoxicillin treatments, two
Cephalosporin treatments (Cefotetan 0.063 pg/mL and Ceftizoxime 0.03 pg/mL)
and one Penicillin + Inhibitor treatment (Tazobactam + Piperacillin 128 pyg/mL)
(Figure 6-4).
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Figure 6-4: Pairwise epistasis means for blatem-so and blaTewm-gs.

Pairwise epistasis means for the 16 identical treatments for blatem-so and blarem-
gs. Concentrations are listed next to the name of the antibiotic abbreviation and
are in yg/mL, also shown in bold Table 2. For the Penicillin + Inhibitor treatments,
the inhibitor concentrations are all at 8ug/mL. blarenm-so iS represented as grey
triangles and blarem-ss is represented as black circles. Both blarem-gs replicate
experiments are shown. The replicate experiments were performed for blaren.gs
and these values are similar, which confirms repeatability.
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Conclusion

The numerous instances of sub-lethal concentrations of antibiotics in the
environment have been shown to increase the selection and diversification of
antibiotic resistance genes (37, 54, 57, 195-197). Epistasis, or non-additive
interactions among substitutions, also plays a major role in the evolution of
antibiotic resistance. Although it has been shown that epistasis influences the
evolution of the TEM p-lactamase (190, 198-200), the epistatic interactions of the
individual substitutions that produce higher evolved TEM’s, have only been
studied for blarem-s50 (4). Here, we wanted to investigate the impacts of sub-lethal
concentrations on a second variant of TEM with four substitutions, blarem-s5 and
compare those to blarem.so (4).

We have found that similar to blarem.so, the change in type and concentration of
B-lactam antibiotics selects for almost every genotype within blaren.gs, This is
important because it demonstrates the pliable effects of antibiotics in the
environment and how the presence of sub-lethal concentrations of antibiotics can
increase the diversity of resistance genes present in a bacterial population. We
also found that the topography of the adaptive landscapes of blarem-s0 is more
rugged, i.e. contains more epistatic interactions between amino acid
substitutions, than the adaptive landscapes of blarem-ss. This is consistent with
evolutionary theory that states that sign epistasis contributes to multi-peaked
fitness landscapes (201).

We have shown that epistasis increases the accessibility of adaptive peaks,
including the global optimum (200). Of particular significance is the finding that in
some landscapes as the concentration increases, the fithess of the bacteria also
increases. The genotypes for which this is the case are more likely to be found
among clinical isolates. We also found evidence that the epistatic interactions
that occur across antibiotic concentrations are a good predictor of the genotypes
that have been naturally isolated.
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Materials and Methods

Materials and Methods are taken from (4). Briefly, we expressed all 16 TEM
variant genotypes from the pBR322 plasmid in E. coli strain DH5-aE, which were
then incubated in 5 mL of Luria Broth with Tetracycline (5mL tetracycline/ 1 Liter
of LB) overnight in oxygen limited cultures. Initial O.D. readings were taken at the
beginning of the experiment and diluted to 1.9 * 10° cells in 5 mL of Mueller
Hinton broth. The 16 variant genotypes were then aliquotted down the 16 rows of
the 384-well plate. The first 12 columns treated with one antibiotic at one
concentration, and the last 12 columns serving as a control, with no antibiotic
treatment. The optical density was measured over a 22-hour period at 25.1*C.
The growth rates and statistical analyses were run using Growthrates program
(136) and CompareGrowthRates (192). There were two replicate experimental
runs for some blarem.ss data.

Fresh antibiotic stock solutions (10.2g/mL) were made prior to the start of each
set of experiments and stored in -4* C until use.

Statistical Analysis

Based on results from CGR (192), we confirmed the amount of variation in the
growth rate data was minimal and the time intervals between readings were
optimal (60-minutes). We reanalyzed the blareum-s0 data from (4) using CGR with
the optimal time intervals (60-minutes) and used the data to create the adaptive
landscapes.

To create the adaptive landscapes, a One-Way Analysis of Variance (ANOVA)
was used to compare the means of the growth rates we obtained and to
determine if there were significant differences between the growth rates of each
genotype. We compared each of the genotypes with those that were adjacent,
(differed by a single amino acid substitution), going from the wild type, blarew-1, to
blatem-ss. We used a 95% confidence interval, which translates to a p-value of
less than or equal to 0.05.



Conclusion

The overuse of antibiotics has resulted in an abundance of antibiotic residues
disposed in our environment, soil, wastewater, river water and food (17, 20, 48,
49, 195, 202). These sub-lethal concentrations of antibiotics have influenced the
rate of evolution of antibiotic resistance genes present in many pathogenic and
non-pathogenic bacteria (43, 53, 54, 182, 195). However, the effects of specific
sub-lethal concentrations of multiple antibiotics that have been identified in the
environment have not been investigated on individual resistance genes. Here, |
show that the abundance of sub-inhibitory concentrations of antibiotics in the
environment can contribute to the evolution and diversification of antibiotic
resistance genes.

Using the p-lactamase enzyme, TEM, as a model system, | have been able to
show the effects of multiple sub-inhibitory concentrations of -lactam antibiotics
on the evolutionary pathways leading from TEM-1 to TEM-50 and TEM-85. We
were able to quantify the effects of antibiotic concentrations on all genotype
combinations of the four amino acid substitutions present within TEM-50 and
TEM-85, something that can be difficult to do with MIC-measurements. We show
that the type and concentration of -lactam antibiotics affect the evolutionary
trajectories within each gene.

In addition, we have developed statistical methods, v-scores and bootstrapping,
to measure the amount of variation within growth rate data and quantify the
repeatability of the adaptive landscapes created. Also, using mathematical
models we have been able to provide a framework that allows one to identify
optimized treatment plans using bacterial growth rates as a measurement of
fitness. Although these results are in vitro and only look into the effect of
antibiotics on individual resistance genes, the results can be used as a
foundation to study similar effects at a larger genomic scale.

Finally, we were able to show that a hospital environment has an influence on the
prevalence of antibiotic resistance genes in a community and that an individual
hospital is an important but small piece of the overall resistance problem. Further
pharmaceutical data would be necessary to fully understand the impacts of the
hospital environment on antibiotic resistance evolution. Other factors such as
agricultural consumption of antibiotics and outpatient prescriptions also have a
strong effect on antibiotic resistance. As part of this research, we also developed
a tool, the Nosocomial Evolution of Resistance Detector (N.E.R.D.), which can be
used with phenotypic data at any scale, to monitor antibiotic resistance trends
and predict the prevalence of antibiotic resistance genes.
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Overall, this dissertation work enhances the field of microbial evolution by 1)
showing evidence that sub-inhibitory concentrations of multiple antibiotics
accelerate the evolutionary possibilities within individual resistance genes, which
as a result increases diversification within resistant bacterial populations, 2)
provides methods that can be used with any bacterial growth rate data to
calculate transition probabilities, 3) provides tools that hospital and clinics can
use for assessing resistance trends, and 4) provides a statistical tool,
CompareGrowthRates (CGR) that allows users of Growth Rates Made Easy to
calculate variation within their growth rate data sets.



Prospectus
This body of work points towards many important questions that remain
unanswered.

First, this work focuses heavily on with-gene epistasis and epistatic interactions
among substitutions present within the same resistance gene. It would be
interesting to expand this work to across-gene epistasis among bacteria that
carry multiple resistance genes. Also, this work briefly covers the effects that
multiple p-lactam antibiotics have on the selection of different genotypes within
the TEM p-lactamase resistance gene. It would be interesting to understand the
biochemical properties of certain antibiotics, such as Cefaclor, on the TEM -
lactamase. Cefaclor, a first generation cephalosporin, has unusual selection in
comparison to the other cephalosporins used in these studies. Genotypes that
typically grow poorly in the presence of the other cephalosporins grow well in the
presence of Cefaclor. | would hypothesize this is heavily influenced by the
chemical properties and structure of the antibiotic and the catalytic activity of the
genotypes it selects for.

This work has also laid a foundation for identifying antibiotic cycling plans using
transition probabilities throughout adaptive landscapes of antibiotic resistance
genes. An important part of identifying antibiotic cycling plans is to determine the
amount of time required for each transition. This would depend on many factors.
To start, the resistance gene(s) present, the selection strength of the
substitutions at each transition, and within- and across-gene epistasis. Since this
work was done only on in vitro bacterial populations, one can also investigate the
natural environment these selective pressures and bacterial populations are in.
With this in mind, many additional factors would need to be taken into
consideration, such as the species-species interactions and the multiple selective
pressures present in the environment, i.e. antibiotics and carbon-sources. Within
the same area, another avenue this work can take is by applying the predictions
of TimeMachine transition probabilities on clinical isolates that have been
identified carrying variants of the TEM p-lactamase. This work would be
interesting because it would take the theory of antibiotic cycling and apply it to
organisms that have been naturally isolated. This work would have the potential
to have promising results in translational research.
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Another area this work has not covered completely and can expand on is
identifying any correlations of antibiotic use and resistance present in the hospital
environment. Here, we have used the N.E.R.D. method on patient isolate data
but lack the pharmaceutical data that can provide information on which antibiotic
treatments are prescribed to patients, in which the resistant bacteria have been
isolated, and can be used to detect any correlations of prescriptions and
resistance trends.



Appendix

Growth Rate Assay
The growth rate data were measured and calculated based on the following
protocol.

1) The TEM variant genotypes were expressed from the pBR322 plasmid in E.
coli strain DH5-aE. The cultures were incubated in 5 mL of Luria Broth (LB) with
Tetracycline (5mL tetracycline/ 1 Liter LB) overnight in oxygen-limited cultures.

2) The samples were then diluted to a concentration of 1.9 X 10° cells per mL in 5
mL Mueller Hinton (MH). This was done using the following equation:

CiVi =CaVs

Where C; is the starting concentration measured by the initial optical density
(O.D.) measurements. V1 is the volume of overnight culture needed to transfer to
obtain the final concentration, C, (1.9 X 10° cells per mL). Vz is the final volume
(5 mL MH). With these variables set, we solve for V4 for each culture used.

3) After dilutions, 80uL of each liquid culture was transferred to a 384-well plate.
The last twelve columns of each row were aliquotted with just the liquid culture,
serving as the control. The first twelve columns were aliquotted with the liquid
culture plus the antibiotic solution. The antibiotic solutions were freshly prepared
by dissolving 10.24 mg of antibiotic per 1 mL of solvent (either pH 6 or pH 8
phosphate-buffer or water based on their solubility guidelines). These served as
stock solutions and the treatments used were diluted from these stock solutions.

4) Once the samples have all been plated, a breathable membrane was pressed
onto the plate and placed in an Eon Microplate Spectrophotometer. The
temperature was set at 25.1°C and the O.D. were measured every 20 minutes for
22 hours. The growthrates program was used to calculate the growth rates from
the raw O.D. output as described in the methods section of Chapter 2.
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