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CHAPTER 1 

INTRODUCTION 
 

Thesis Overview 
 

This dissertation is a compilation of the work I have accomplished throughout my 

doctoral studies, to advance the development of genomics methods to study complex 

bacterial phenotypes. Host-pathogen interactions are multifaceted and are rarely 

dependent on a single gene. By leveraging pathogen strain diversity encountered in the 

clinical setting, I have systematically looked for associations in how mobile genetic 

elements and virulence factors may contribute to disease. By using the diverse nature of 

Escherichia coli from positive urine cultures, I developed a polygenic model to quantify 

complex bacterial phenotypes at the host-pathogen interface. 

1.1 Genomics to study disease 

DNA encodes all cellular life, meaning humanity has sought to decode its meaning and 

as it relates to development of life, disease, and predict phenotypes. This dissertation 

addresses the latter two themes. Over the past 80 years, significant progress has been made 

from biochemically defining DNA, increasingly precise methods to manipulate it, sequencing, 

and using it to diagnose and treat diseases. The following section will broadly cover the 

history of DNA sequencing, methodologies, and the current state of the field with emphasis 

as it relates to bacterial genomics. 

1.1.1 A brief history of sequencing 

After the discovery of DNA’s structure1 and together with the fact that DNA is the 

“molecule of life”2, efforts began to be able to decipher it. The most wide-spread sequencing 

technology, Sanger sequencing, was introduced in 1977 by Fredrick Sanger (Figure 1)3. 
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Sanger sequencing required a DNA template, a primer, a DNA polymerase, unmodified 

deoxynucleotide triphosphates (dNTPs), and modified di-deooxynucleotide triphosphates 

(ddNTPs) at lower concentrations. Sanger sequencing relied on ddNTPs to be rarely 

incorporated during synthesis, as the incorporation of the ddNTPs results in termination of 

synthesis. Four reactions, one for each modified nucleotide, are run in tandem, allowing each 

reaction to produce molecules that were only terminated with the specific ddNTP was 

stochastically incorporated. The combination of synthesis and termination created DNA 

molecules of various lengths that could be separated through electrophoresis. With all four 

reaction productions lined up adjacent to each other, Sanger sequencing then allowed the 

researcher to read the electrophoresis output line by line for a specific length of DNA. By the 

1980s, Sanger sequencing was automated with the incorporation of fluorescently labeled 

ddNTPs rather than radiolabeled (Figure 1)4 and the use of computers for analysis. 

However, Sanger sequencing was relatively time consuming to perform given the multiple 

reactions, and size of the DNA string able to be “read” at once. Despite the efforts required of 

Sanger sequencing, it was widely adopted, and allowed for large amounts of molecular and 

genomic data to be produced. With continually growing data generation, the National Center 

for Biotechnology Information (NCBI) was launched in 1988 to provide a platform for data 

storage, dissemination of knowledge, and to perform research into advanced computational 

methods for processing such data5. The development of seminal tools such as the Basic Local 

Alignment Search Tool (BLAST)6, for identifying homologous regions of sequences, and 

Entrez, a search and retrieval system for different databases at NCBI, made nucleic acid 

analysis centralized and widely available. 

In 1996, a powerful new sequencing technique, pyrosequencing, entered the field. 



3  

This was the beginning of “sequencing-by-synthesis”, or SBS (Figure 1). This technology 

measured the luminescence generated as a result of pyrophosphate release during the 

sequencing process. Thus began the “Next-Generation Sequencing” (NGS) era. It is marked 

by the increasingly accessible commercial platforms. The Roche/454 platform was the first 

automated sequencing machine to come to market in 2005. Other platforms soon followed 

with their own instrumentation and chemistries, such as SOLiD (2007), and Solexa (2006, 

now Illumina) (Figure 1). In contract to SBS, SOLiD’s “Sequencing-by-ligation and detection” 

was also developed in this time. Sequencing-by-ligation chemistry relied on the ligation of 

di-base fluorescent probes to the DNA module but had significant problems resolving 

palindromic sequences7. Like 454, Illumina employs SBS and differentially labeled 

fluorescent nucleotides, where each base is added to the synthesizing DNA molecule, and the 

corresponding fluorescence would be recorded. This compounded into a pattern of light 

intensity over time. The light patterns could then be decoded to the DNA sequence8. Other 

technologies, such as those used by Ion Torrent (2011), also use SBS, but detects hydrogen 

ions as the DNA is synthesized rather than fluorescence9. Collectively, all the aforementioned 

technologies are considered ‘short-read sequencing’ technologies, as they produce reads of 

short lengths of DNA of up to 300bp. Illumina remains the most widely used short-read 

method, given its accessibility and advantages in scalability. Sanger is still used when 

especially short regions can be read, such as for validating gene insertions, at a better cost 

efficiency than WGS. 

In the past decade, continued development in sequencing technologies has led to the 

rise of additional generations of sequencing platforms. In these newer generations, long-read 

sequencing technology has increased the length of DNA strands being sequenced to 10-
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100kb in a single read. The inclusion of nanopores by Oxford Nanopore (2012) detects the 

changes in electrical conductivity to identify base pairs as they pass through the biological 

nanopores, nanometer sized holes embedded in an electro-resistant membrane (Figure 

1)10,11. While developed in 2009, reading DNA from single polymerase molecules in real-

time, has become one of the more commonplace methodologies in present day, with an 

additional benefit of small-scale devices making it more broadly accessible12. By reading the 

electrical conductivity in real-time, sequencing has now expanded into epigenomes, that is 

the methylation patterns, on DNA molecules, providing an additional dimension to infer 

regulation based on DNA accessibility13.  

 

 
Figure 1: Sequencing through history 
Sequencing technology has rapidly emerged and evolved in the past 60 years. Beginning with 
Sanger sequencing, technology has allowed the automation and continued development to 
expand the information captured from DNA molecules. This includes various techniques, 
founding of multiple companies to produce higher quality and lower cost sequences, 
ultimately leading to the widespread adoption of NGS. 
  

1.1.2 Genomics of microorganisms 

Classification of microbes based on their genomic information, including variation in 

the ribosomal RNA (rRNA) genes, was established as early as the 1970s14. At this time, the 
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sequence of the rRNA genes was completed using Sanger’s methods, where radiolabeled 

RNA was digested, and the sequence was inferred from overlapping oligonucleotide 

fragments. Woese and colleagues demonstrated that variations in the rRNA could serve as 

phylogenetic markers and for classifying methanogenic bacteria15,16. In the 1980s, genetic 

features could differentiate pathogenic strains of bacteria17. At this time, multi-locus 

electrophoresis was used to discern community-acquired from nosocomial infections of 

Legionella pneumophilia, identify epidemiological markers for commensal/pathogen 

Haemophilus influenzae, and track outbreaks of the devastating neuropathogen Neisseria 

meningitidis17. In such cases, DNA banding patterns following electrophoresis showed 

extensive diversity across identifying loci.  

In 1995, the first bacterial genome, H. influenzae was completed using Sanger’s shot-

gun method, in which random samplings of short sequences were subjected to chain-

termination sequencing18. Sequencing of bacterial pathogens opened the door to a better 

understanding of molecular mechanisms of disease. One of the first bacterial pathogens to 

be sequenced, the gastric pathogen Helicobacter pylori, was sequenced to try to identify 

novel therapeutic targets19. This work resulted in the discovery of additional lipoproteins, 

adhesins, and identified variable pathogenicity islands encoded by H. pylori strains20. By 

1999, sequencing of the gene encoding the 16S rRNA, the same which was the target of Dr. 

Woese’s work, was introduced in a clinical setting to identify bacterial pathogens 

diagnostically, which was subsequently adopted and applied to a variety of bacterial 

species21. 

In the early 2000s, sequencing of clinically isolated bacterial strains became more 

popular and feasible as the price for sequencing decreased as sequencing technologies 
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evolved and became commercialized, as discussed above22–26. As more bacterial pathogens 

were sequenced, powerful opportunities to utilize comparative genomics and identify novel 

genes impacting pathogenicity became easier. Interest in pathogen genomics increased 

enough such that the Virulence Factor Database27 for bacterial pathogens was launched in 

2005, and it is still maintained to this day. As sequencing has become increasingly 

mainstream, and genomes are continually deposited into public repositories for open 

analysis, genomic methods to predict pathogenicity have become increasingly sophisticated.  

1.1.3 Harnessing genomics to understand pathogens 

Broadly, pathogenomics utilizes bioinformatics to study genomic variations that 

contribute to a microbe’s overall pathogenesis. For bacterial pathogens, such analyses can 

take the form of observing evolution of opportunistic or commensal bacterial strains into 

pathogenic strains or through genomic sequencing of pathogenic bacteria from clinical 

isolates in an effort to identify factors contributing to pathogenicity. Public health and 

epidemiologic initiatives to track bacterial pathogens have been instrumental in the 

development of the field. Since 2013, genomic surveillance of common bacterial pathogens 

has paced with the growing availability of microbial genome sequencing. Public Health 

England was one of the first public health organizations to adopt sequencing of organisms 

such as Mycobacterium tuberculosis28 and foodborne pathogens29,30 on a national scale. Later, 

the Centers for Disease Control and Prevention (CDC) adopted similar methods, rolling out 

surveillance initiatives for foodborne pathogens across the United States31.  

Around this time, public health entities similarly began tracking specific 

determinants of bacterial pathogens through genomic surveillance. This includes 

antimicrobial resistance (AMR) as well as virulence features of high clinical importance, for 
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example: Shiga toxin in E. coli32,33. Sequencing efforts have continued to become 

incorporated into clinical settings, extending to single-locus, multi-locus, or whole-genome 

approaches. This has allowed tracking of subtypes of important pathogenic species in a 

geographic and temporal manner, a hallmark feature of modern infectious disease 

epidemiology. 

During viral outbreaks in recent years, genomic surveillance has been proposed to be 

incorporated with epidemiological information. Due to the remote location of many of these 

outbreaks, financial and technical roadblocks, rollout of rapid genomics response has 

prevented systems-level change on a global scale34. Until recently, genomic surveillance has 

been predominantly retrospective, rather than occurring in real-time35,36. However, due to 

the global COVID-19 pandemic, the World Health Organization (WHO) launched the first 

large-scale, real-time genomic surveillance program, focused on viral pathogens37,38 . 

Through such efforts, tracking of new viral variants that pose a threat to human health has 

led to improvements in vaccine design. Additionally, whole genome sequencing (WGS) has 

enabled geographical and temporal tracking of these variants and how they change 

pathogenicity. As sequencing progresses, the pathogenomics field is likewise progressing to 

a point where similar applications will be used to track bacterial strains. Bacteria WGS is 

becoming more commonplace across clinical microbiology labs. 

Adoption of genomics techniques in public health and clinical environments has 

required methods and data management strategies to continually be developed. Increasingly 

robust algorithms have been developed for the analysis of individual human genetics and 

personalized medicine, but microbial genomics is slowly improving. Many current methods 

are expanding to use similar techniques as used in human genetics, but improvements are 
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necessary to make the most of genomic data, enable better prediction models for bacteria, 

and to better study understudied bacteria and niches, such as low biomass microbiomes and 

difficult to cultivate species.  

1.1.4 Current Methods for Comparative Genomics 

As discussed above, current sequencing technology can be categorized into two 

general categories: long-read and short-read techniques. Long-read technologies, such as 

Oxford Nanopore, produce single reads between 10-100kb long. Short-read sequencing, 

generated primarily through Illumina reagents, are much shorter, resulting in paired-end 

150-250bp in length. Short-read sequencing used to be more accurate in terms of reads, due 

to the short read-length, paired-end libraries, and amplification process, resulting in base-

calling with 99.9% accuracy. As technology has advanced, long-read sequencing can now 

produce similar levels of accuracy (~99%). However, each technology can be used for very 

different applications. The benefits of each methodology are described in section 1.1.4. 

Short-read chemistry relies on random PCR amplification of short stretches of DNA, 

and then SBS, which results in millions of 75-300bp length fragments of DNA. In SBS, DNA is 

synthesized from short fragments of DNA, and each nucleotide is read as it is added to the 

fragment using fluorescence. For many basic genomics questions, short-reads are often an 

appropriate choice. Used alone, short-read sequencing will produce draft genome 

assemblies. This is due to the gaps that are produced during the sequencing process. Samples 

with particularly high or low guanine-cytosine (GC) frequencies may not resolve well due to 

secondary structure that can occur. Because of this, other genome features such as highly 

redundant or repetitive sequences such as mobile genetic elements (MGE) can also be 

challenging to resolve. Despite producing nearly complete genomes, the gaps in draft 
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assemblies can lead to artifacts in downstream analyses. Short-read sequencing is one of the 

most cost-effective sequencing strategies on the market. High availability of sequencer 

instrumentation and reagents has significantly contributed to the decreased cost for WGS. 

For cost per base, short-read sequencing is the most cost-effective sequencing strategy.  

Long-read sequencing results in read lengths of 10-100kb in length, often as a single 

read.  This makes it effective at sequencing significant stretches of DNA or RNA. Long-read 

technology also uses SBS but can employ different chemistries. For example, Oxford 

Nanopore will read DNA molecules through a pore and measure the electrical current to read 

the bases. PacBio chemistry relies on making circular fragments of DNA (of approximately 

15-20kb length) which are sequenced via fluorescence detection as base pairs are 

synthesized, similar to short-read chemistry. The difference is the circularization of larger 

fragments provides greater stability during the SBS process, allowing for longer reads and 

allowing multiple passes of the polymerase to be made over the same DNA molecule.More 

recently, long-read technologies have expanded to being able to sequence epigenomes and 

methylation patterns in addition to nucleic acids13. Long-read sequencing has advantages for 

creating assemblies with fewer gaps compared to short-read as the reads are compiled into 

contiguous stretches of sequence. As long-read sequencing can read an entire nucleotide 

molecule, it is able to capture mobile elements (such as entire plasmids), or whole 

transcripts. This has the benefit of less gaps in the assembly but does not result in as many 

read counts. Up until more recent developments, utilization of long-read sequencing meant 

lower accuracy in base calling, approximately 90% accurate. This is due to the trade-offs with 

read length and fidelity, where shorter DNA molecules such as in short read sequencing are 

more stable and can be read with higher fidelity.  
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While older low-throughput technologies were able to produce complete whole 

genomes, recent technology has limitations in producing one. Assembly protocols, which aim 

to identify overlapping regions of reads to create longer continuous sequences, rely on 

enough reads to be produced to thoroughly cover a genome. Due to limitations of chemistry 

in both long- and short-read technologies, creating a complete, closed sequence often 

requires both to be used. As one method can create a background scaffold, the reads from 

the other method can be aligned back to the initial assembly and fill gaps39.  

1.1.5 Methods for assembling microbial genomes  

Following the sequencing of a microbial genome, there are two general workflows 

that can be executed to analyze the generated sequences. This includes de novo and 

reference-based approaches. Depending on the downstream use, selecting the correct 

workflow will ensure the most appropriate use of data for the research question.  

Using reference genomes to assemble a genome is especially advantageous when 

identifying smaller genetic variants, such as Single Nucleotide Polymorphisms (SNPs) or 

checking for gene deletions. Reads are aligned against the reference to find matching regions 

in the stretches of DNA (Figure 2). By overlapping reads with significant identity to the 

reference genome, larger stretches of sequence become apparent and can be constructed 

into contiguous sequences (contigs)40. This approach can help close genomes as well. 

However, mapping reads from a genetically distanced reference, whether that is intra-

species or inter-species, can lead to unresolved reads and larger gaps in the assemblies. 

Many bacterial species exhibit extensive genomic diversity and as such, using a reference 

genome to “close” or complete a genome can present challenges.  
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Figure 2: Sequence Assembly Methods 
Reference based methods align DNA sequencing reads (indicated by light red boxes) against 
a reference sequence. Gaps may exist where reads do not match. De novo assemblies rely on 
identifying overlapping reads and stringing them together into continuous sequences. More 
gaps may exist where there are no overlapping reads. 
 

A de novo approach can be broadly applicable to many applications. This approach is 

also well-suited for samples where there are not high-quality reference genomes to map 

back to, such as understudied bacterial species. Even when references are available, de novo 

assembly can be particularly useful for resolving structural variants within the sequences. 

Current algorithms compile reads into de Bruijn graphs, where ends of reads that match are 

linked together41. Reads are connected to form contigs (Figure 2)42. De novo approaches can 

result in assembly gaps when there is too much read-depth, and reads that are identical to 

several regions43. This can occur in areas of the genome with variable GC content, such as 

mobile genetic elements and redundant regions. 
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1.1.6 Microbial genome-wide association studies 

Genome-Wide Association Studies (GWAS) have long been the gold-standard for 

identifying causal variants for a given phenotype. This frequently takes the form of a case 

population (diseased) and a control population (non-disease state). In human genetics, SNPs 

are the main biomarker that are used in the statistical models. At a most basic level, GWAS 

use Fisher’s exact test and odd’s ratios to identify genetic variants found at a higher 

prevalence in the case group compared to the control group44. Additional statistical methods 

can be employed such as stratification for population control and linear models for co-

variate control44.  

As high-throughput techniques have increased the availability of bacterial genomes, 

GWAS has been adopted into microbial genotype-phenotype predictions. The first microbial 

GWAS (mGWAS) was published in 2013, as a proof-of-concept demonstrating how GWAS 

can be used to predict bacterial phenotypes such as growth on certain carbon sources 45. 

Since this first report, many mGWAS methods have been either benchmarked or used in 

cases where there is a clear causal genomic variant leading to the phenotype, such as AMR46–

49. 

Although mGWAS provides an exciting realm of analysis, these studies present 

several caveats compared to human GWAS in terms of execution and analysis of the 

generated outputs. This is due to multiple reasons, including differences in ploidy, data 

collection, size of genomes, and genome diversity. While bacterial genomes are magnitudes 

smaller and do not have introns, sequencing can be completed using WGS, rather than 

through microarrays or exome sequencing. Though small, bacterial genomes exhibit far 

greater genome diversity, where humans share >99.9% of their DNA50 sequences, bacteria 
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can share just 10-15% within the same species46,51,52. Because bacteria reproduce asexually, 

they can often form clonal populations, which can skew genomic analyses given the near 

identical nature of the strains. Because of these caveats, using human GWAS methods can 

result in unequal weighting of variants, inflated p-values, issues with statistical power, and 

false positives. For these reasons, there have been several advances to try to overcome these 

differences, as detailed below.  

Whole-Gene Association Testing 

One way that technology has sought to overcome the challenges in mGWAS is to 

change how data is taken in by algorithms. For mGWAS, rather than using single nucleotide 

SNPs or insertion/deletion (INDEL) mutations at specific genome locations, gene or Kmer 

presence and absence may be used to test for association with a given phenotype (Figure 

3)49,53,54. Because bacteria have a much more flexible genome compared to humans, 

members of the same species may not possess the same genes. Scoary53, a bioinformatics 

tools for linking bacterial phenotypes to pangenome components, uses gene presence and 

absence as an input when computing associations. All genes present in the population, or the 

pangenome, are considered during mGWAS. This technique has been developed in tandem 

with pangenome analyses. However, because many bacterial genomes are plastic, and have 

an open pangenome, where there is no upper limit to how many unique genes exist in a 

species, gene presence association can be highly dimensional51. Additionally, this analysis 

often begs the question, what really is a bacterial species if many of the genes found in one 

species can be found or shared with another? One of the limitations of gene presence 

association is it relies solely on what is annotated as a coding region. This can change based 

on the annotation software used, databases, models used for predicting structure/function, 
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as well as how well studied the microorganism is. By using this mGWAS method, only 

changes in gene presence or absence would be detected, and not changes in RNA sequences, 

in upstream/downstream regulatory elements, or various alleles that may exist of the coding 

region. 

Kmer Association Testing 

Simply knowing if a gene is present or absent is useful in cases where gene acquisition 

events change the phenotype, such as antimicrobial resistance genes on plasmids. Whole-

gene association testing is thus restricted to coding regions. Assessing variations in 

regulatory regions, however, is necessary to encompass all phenotypes, especially when 

differential gene expression due to changes in promoter regions may be implicated. The next 

type of mGWAS utilizes Kmers. Rather than breaking down the genomes into coding regions, 

DNA is parsed into smaller strings, typically between 22-50bp in length (Kmers). This 

technique captures the diverse nature of genomes, allows for any genes to be present and 

accounted for and identifies details such as SNPs or INDELS because it breaks down a gene 

into smaller sequence fragments. When combined with unitigs55, larger strings of Kmers 

based on the assembly graphs, context can start to be given to the locus as well as type of 

genomic event. For example, with context, one could determine if the genomic variant is due 

to a horizontal gene transfer event, acquisition of a transposon, or if it is part of the core 

genome. Software such as Unitig-caller55 is currently the gold-standard for preparing unitigs 

and Kmers for an mGWAS. Data in this mGWAS can also be highly dimensional and 

computation memory tends to be a limiting factor for being able to run the analysis46. On 

average, a genome should produce roughly the same amount of Kmers as base pairs if a 

sliding-window algorithm is used during the Kmer counting step. The quality of the analysis 
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relies on the quality of the de novo genome assembly and this technique can fail when 

artifacts such as gaps and redundant regions might impact genome assembly (see Chapter 

IV). 

Reference-based Association Testing 

Next is a technique commonly employed in human GWAS, where a reference 

sequence is used to call variants relative to it. This is particularly useful in human genomics 

studies because humans share >99% of the genomes with each other.  However, this 

technique can also be useful when targeting core regions of the microbial genomes, or 

regions that are highly conserved amongst strains of interest.  Using a reference will compare 

specifically SNPs, INDELs, frameshift mutations, and also takes genomic location into 

consideration, in cases of translocation events. By using this method in an mGWAS, one might 

be able to resolve regions that might not otherwise resolve when using a de novo assembly.  

No matter how the genome is parsed, additional measures such as accounting for 

population structure must be included in the mGWAS. This is because of the extensive clonal 

complexes that form from the asexual reproduction that bacteria undergo.  This is typically 

done in the form of a Newick file (from a phylogenetic tree), or a relatedness matrix (from 

MASH distances56).  These files provide scaling factors that can appropriately weigh a variant 

given the prevalence in specific strain backgrounds. The addition of genetic relatedness 

allows for weighting based on strain background, which usually takes the form of a Mixed 

Model54.  

While mGWAS has been used since 2013, most mGWAS studies have been applied 

cases where the predicted genotype-phenotype relationship is fairly straightforward. One 

such example- which is also considered the “gold-standard” as it comes to benchmarking 
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new mGWAS tools -is AMR. Resistance can arise due to a single SNPs within a gene or the 

acquisition of new genes through horizontal gene transfer. SNPs can occur in core genome 

regions, while new gene acquisition is frequently through mobile genetic elements, such as 

plasmids or prophage.  However, there remains a need for method development to further 

utilize data from mGWAS where results may not be as clear and interpretable as in the case 

of AMR. Benchmarking new methods independent from mGWAS are also necessary. 

 
Figure 3: mGWAS methods 
An mGWAS works by parsing bacterial genomes of given phenotypes, and performing 
multiple association tests to determine variants that are found at a higher rate in one 
phenotype over another. 1. Bacterial phenotyping can either be binary, discrete, or 
continuous such as categorization as resistant/susceptible, 
resistant/intermediate/susceptible, or specific minimum inhibitory concentration (MIC) 
values to a given antibiotic. 2. The genome must be parsed for variants. This is accomplished 
through variant calling against a reference, assessing gene presence or absence, or by calling 
Kmers. 3. Because bacteria have extensive clonal populations, weighting for strain 
background is necessary. Other covariates (such as other metadata) may be included in this 
step. 4. Association testing is performed where variants are tested if they have a higher 
probability of being found in strains of a particular phenotype, i.e. resistance. This can take 
the form in an odd’s ratio, p-value, and q-value. Figure made using BioRender. 
 

1.1.7 Recent method development for bacterial genotype-phenotype prediction 

Since mGWAS was developed, machine learning (ML) techniques have become more 

prevalent in trying to improve genotype-phenotype predictions.  ML techniques offer the 
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potential to identify epistatic effects, as they can incorporate multiple variables into a 

prediction model. ML requires the use of a “training” set to learn patterns from established 

data in order to make predictions about independent data. During the training phase, ML 

goes through feature selection and there is no limit to the number of features that can be 

used in a model, it provides a framework for more variants to be possible predictors for the 

phenotype. Feature selection is the most important segment of ML techniques. With too 

many features underscoring a model, the model can potentially be overfit on training data, 

and is not extendable or generalizable to independent data. Conversely, a model with too few 

features, risks being unspecific and unable to truly differentiate the phenotypes in external 

data. This can be a challenge when the few features in the model are specific only to the 

training data, but not broadly applicable to other datasets.  

Many ML techniques currently employed by genotype-phenotype predictions rely on 

the use of regressions, classifiers, or both. Some software, such as Kover57, allows the user to 

specify which methods are used to build the models. Model selection can be dependent on 

the overall genomic structure of the given organism, such as how large or small the genome 

is, how many repetitive elements are there, how much intra-species diversity there is, and 

how heritable the specific phenotype is being tested58. Current research suggests that using 

methods such as Random Forest, where multiple decision trees can reach a single model, 

may work especially well for genomics58. ML techniques also work well because they can 

take in multiple data points of meta data that can be considered as covariates in the model. 

Incorporation of clinical data, other bacterial phenotypes, and experimental conditions could 

improve predictability of ML algorithms. However, much progress still needs to be made in 

improving replication of results using ML techniques, and expansion into more complex 
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phenotypes outside of antimicrobial resistance prediction. 

Considering the plethora of available sequencing data, metadata, and computing 

power, and the vast improvements and developments in human genetics, there remains a 

stark gap in methods available for genotype-phenotype prediction in bacterial populations. 

While such research has been focused on important topics such as AMR59, or identification 

of novel virulence factors60,61, extension into other phenotypes remains minimal. Within this 

dissertation, I provide the example of urinary tract infections (UTI) as a model to investigate 

the genomics behind a more complex bacterial phenotype. 

1.2 Urinary tract infection epidemiology 

Over 50% of women will experience at least one urinary tract infection (UTI) in their 

lifetime62. Many of these infections will become recurrent. The diagnosis of UTI, however, 

is phenomenologic, in that the presence of bacteria in the urine, bacteriuria, is not enough 

to diagnose a UTI. Bacteriuria is a spectrum of clinical presentations, ranging from 

asymptomatic bacteriuria (ASB) to bacteremia. More recently, there has been a push to 

reclassify the various conditions to be more in-line with what is naturally seen in a clinic. 

This includes additional categories such as ASB with unclear significance, where patients 

may demonstrate neurological symptoms but no urological ones, and lower urinary tract 

symptoms (LUTS)63, where bacteria are not detectable at significant burden, but the patient 

still reports urological symptoms.  

Diagnosis of bacteriuria is not necessarily straightforward, as a urine culture is not 

always ordered by physicians to confirm bladder colonization, markedly in cases of  

uncomplicated cystitis. When a urine culture is ordered, a positive urine culture often 

results in at least 105 colony forming units (CFU)/mL of a single species being 
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recovered64,65. From there, a single colony isolate is randomly screened to determine the 

causative pathogen identity using matrix-assisted laser desorption ionization time of flight 

mass spectrometry (MALDI-TOF)66. The same isolate is then subjected to antimicrobial 

susceptibility testing. To diagnose where on the bacteriuria spectrum the patient is, is based 

on locale of the bacterial burden as well as symptomatology of the patient. 

Patients with ASB have a positive urine culture, but do not present with UTI 

symptoms (Figure 4). Many times, the diagnosis of ASB can be subjective, and can change 

based on the physician, institution, or patient presentation. Some of the confounding 

variables in this diagnosis include the fact that the patient needs to be able to vocalize or 

communicate the presence of symptoms. This can be challenging with elderly, very young, 

disabled, or disoriented patients.  Additionally, it could be unclear if the patient is just at the 

very early stages of a symptomatic UTI, or if they are truly asymptomatic. ASB is most 

prevalent in pregnant people and transplant patients, particularly those with kidney 

transplants. This observation may be attributed to the frequency of urine cultures in these 

patient populations, and due to changes in the urogenital tract physiology. These same 

patient populations are also the two requiring antibiotic treatment if given an ASB 

diagnosis67.  
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Figure 4: Bacteriuria is a spectrum 
Location of bacterial burden as well as the symptomatology of the patient will ultimately 
discern the diagnosis. As the bacteria ascends the urinary tract, the severity and need for 
treatment increases. 
 

Cystitis, or a bladder infection, is the most common presentation of bacteriuria in a 

clinical setting, and presents with the prototypical UTI symptoms of pain, urgency, and 

frequency in urination (Figure 4). Women of childbearing age are the most prevalent 

patient population in this cohort62. Most likely, this is attributed to hormonal influences in 

the urogenital tract, but also physiological differences between assigned male at birth 

(AMAB) and assigned female at birth (AFAB) people such as shorter urethra length and 

decreased perianal space in the latter. Cystitis can be self-limiting and can resolve without 

antibiotic intervention but is frequently and easily treatable with antibiotics. Barring any 

major resistance profiles, trimethoprim/sulfamethoxazole or nitrofurantoin are among the 

first-line agents for uncomplicated UTIs68. 

If cystitis is not treated, the bacteria can ascend the urinary tract and result in more 
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invasive infections such as pyelonephritis and bacteremia. Pyelonephritis occurs when the 

infection has ascended to the kidneys, resulting in symptoms such as bloody urine and 

kidney pain (Figure 4). Pyelonephritis is common in patients who experience 

Vesicoureteral reflux, where urine flow does not completely move in the direction of kidney 

to bladder but can reenter the kidneys from the bladder. This phenomenon is found in 

approximately 1% of newborns and causes up to 40% of UTIs in small children 69. Because 

of the severity of this presentation, pyelonephritis requires treatment with antibiotics such 

as trimethoprim/sulfamethoxazole or fluoroquinolone68,70,71. 

Bacteremia secondary to UTI – or urosepsis - is the most common cause of 

bloodstream infection. The clinical presentation in this case is often severe, marked by flu-

like symptoms such as fever, chills, tachycardia, and low blood pressure (Figure 4). 

Approximately 20-30% of pyelonephritis patients will go on to develop bacteremia72. 

Urosepsis has the greatest mortality of any bacteriuria72,73. Elderly patients are especially 

at risk for development of bacteremia. Treatment is required for bacteremia and can 

include a mix of intravenous and oral antibiotics. Treatment plans may rely on whether it 

is a suspected community- or hospital-acquired infection as that can inform potential 

resistance patterns for the infecting bacteria73. Despite this broad range of UTI outcomes, 

no specific genomic signature exists to help predict which UTIs will self-resolve or progress 

to more severe outcomes like urosepsis. 

1.2.1 Uropathogen prevalence 

The overwhelming etiological agent of UTIs is E. coli. Other UTIs Gram-negative 

bacteria like Klebsiella pneumoniae, Acinetobacter baumannii, and Pseudomonas aeruginosa 

as well as Gram-positive bacteria such as Enterococcus faecalis and Staphylococcus 
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saprophyticus are also common causes of UTIs62,74.  

1.2.2 Host risk factors 

Certain patient populations are at a higher risk for developing UTIs compared to 

others. Biological sex is often the most first and more prevalent risk factor, with AFAB 

persons with the highest likelihood to develop a UTI62. This can be due to both hormonal 

differences, particularly with vaginal estrogen levels, as well as anatomy. Females have 

shorter urethras compared to males, and thus bacteria have a shorter distance to travel to 

colonize the bladder. The hormonal difference is especially notable as females hit two major 

development milestones: puberty and menopause. Puberty and menopause mark distinct 

changes in the body’s production of estrogen and can lead to changes in the genitourinary 

estrogen levels.  

The overall risk for UTIs increases with patient age, and this is largely due to males’ 

increased risk as they get older. Unlike in younger age groups, males are at a higher risk than 

females over the age of 70, typically because of prostate enlargement leading to difficulties 

with urination. Additional risk factors such as diabetes and becoming immune compromised 

can skew the risk with increased age.  

Genetic risk factors can predispose individuals to recurrent UTIs. Many of these risks 

are found in Toll-Like receptors (TLR), specifically TLR2 and TLR475–77. TLR4 recognizes the 

bacterial protein lipopolysaccharide (LPS). Through several studies it has been found that 

genomic variants in the TLR4 gene can either be protective against severe UTI or contribute 

to an increased risk of higher incidence of UTI, especially during childhood75.  

Urinary tract infections can occur in both uncomplicated and complicated situations. 

An uncomplicated UTI occurs in patient populations where additional significant risk 
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factors are not implicated78. In a complicated UTI, there are frequently risk factors such as 

catheterization use, structural abnormalities, and diabetes or other immune deficiencies. 

The catheterization of a patient creates a unique UTI environment, as it creates an 

environment favorable to biofilm-producing bacteria and allows for cross-species bacterial 

interactions to occur79.  

Outside of biological risk factors, lifestyle risk factors also exist for UTIs. Recent sexual 

activity, and especially vaginal intercourse with a condom, leads to a significant increased 

risk to development of a UTI, up to 43%80. Recurrence in these infections is common. Patients 

in long-term care facilities are also at an increased risk of developing UTIs. Several factors 

contribute to this risk, patient ages or use of catheters, difficulties with hygiene, among other 

factors. 

While some of these risk factors are accounted for at the time of a urine culture, and 

can inform treatment options, inclusion of these risk factors can be important additions to 

developing better genomics-based diagnostic tools. 

1.3 Escherichia coli is a primary urinary tract colonizer                                                              

The vast majority of UTIs are caused by the bacterial species E. coli, which is 

responsible for approximately 80% of these infections62, although other Gram-negative and 

Gram-positive pathogens cause UTIs including Pseudomonas, Klebsiella, Acinetobacter, 

Enterococcus, and Staphylococcus spp. Given the significant prevalence of E. coli as a 

uropathogen and a causative agent for ASB, I have focused the majority of my thesis efforts 

on developing a pipeline to discern a pathogenomic signature for uroapthogenic E. coli 

(UPEC). The following section will cover what was known about UPEC from a 

pathogenomics and host-microbe interactions perspective when I began my thesis work. I 
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include a description of studies of how previous literature has discussed prevalence of 

putative virulence factors, lineages, antimicrobial resistance spread, and the pathogenic 

cascade associated with UPEC.  

1.3.1 Phylogenetics of Escherichia coli 

The species Escherichia coli is extremely diverse, but can be categorized through 

phylogenetics, into clades. There are eight defined clades, and one cryptic clade: A, B1, B2, C, 

D, E, F, andG81,82. Clades B2, D, and E can further be split into sub-clades, as determined 

through more recent Mash distance analyses81,83. The overwhelming majority of UPEC 

belong to B2 and D clades, but UPEC can be found across the entirety of the phylogenetic tree 

(see Chapter III and IV)84,85. B2 and D clades are frequently associated with Extraintestinal 

Pathogenic E. coli (ExPEC) pathotypes, mostly due to their large cohort of putative virulence 

factors carried by ExPEC strains, including UPEC86. The approximate global prevalence for 

phylogroups B2 and D is estimated between 35-60% and 20-35% respectively for E. coli from 

urine85,87. Most UTIs are caused by UPEC strains from the B2 and D clades.  

Multi-Locus Sequence Typing (MLST) is another way to classify E. coli. For E. coli, the 

Achtman MLST scheme comprises seven core gene sequences are analyzed for the alleles 

carried at these loci: adk, fumC, gyrB, icd, mdh, purA, and recA88. By far, the most common 

sequence type amongst UPEC strains is ST131. According to PubMLST, ST69, 73, and 1193, 

are also highly represented sequence types globally89 . In  combination with ST131, these 

four MLST areresponsible for approximately 50% of all UTIs caused by E. coli.  

Concerningly, ST131, ST1193, and ST69 are multidrug resistant strains90–92. This can 

make treating infections by these sequence types particularly challenging. Knowing when to 

responsibly treat those colonized with these strains is critical to prevent additional AMR. 
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1.3.2 UPEC strains lack a defining genomic feature 

Unlike other pathotypes of E. coli, such as enterotoxigenic E. coli (ETEC), Shiga toxin-

producing E. coli (STEC), and enterohemorrhagic E. coli (EHEC), which have clear, discrete 

virulence factors responsible for the pathology which can be sequenced or identified in the 

clinical microbiology labs, UPEC does not have a defining genomic feature, or set of 

features93–96. Many putative virulence factors have been described and are found in high 

prevalence in strains isolated from patients with UTIs93,94,97–100. However, many of these 

virulence factors are more associated with the phylogroup of the strain rather than the 

pathotype. Additionally, it has been shown that UPEC strains from patients with ASB also 

possess these putative virulence factors, meaning that the mere presence of these factors 

does not indicate development of disease101.  

UPEC can encode different types of toxins, adhesins, immune modulating proteins, 

and siderophores101,102, which however can also be harbored and expressed by 

urocolonizing (ASB). Such examples include the hemolysin hlyA and the serine protease 

autotransporter sat, which are present in approximately 40% and 26% of urinary isolates, 

respectively (Figure 5)94,96,97.  

E. coli can host a variety of adhesin factors. The most common found in urinary strains 

are chaperone-usher pathway pili with a tip adhesin mediating interactions. Examples 

include, but are not limited to, fim, sfa, efe, and pap operons (Figure 5)103.  The type I pili, 

encoded by fim, are found in nearly all urinary isolates102,104. The P pili encoded at the pap 

operon is found in approximately 36% of UPEC105. One study found the pap operon to be 

significantly associated with UPEC strains from patients with pyelonephritis and 

bacteremia106. Strains can encode up to 14 different chaperone-usher pathway pili107 with 
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the tip adhesins displaying stereochemical specificity to diverse host moieties and thus 

enabling bacterial adhesin. 

 
Figure 5: Host-Uropathogen Interface 
Bacteria equip themselves with various mechanisms to overcome host defense mechanisms. 
Some strains secrete toxins, produce various adhesins to attach to the epithelial layer, 
sequester iron from the environment, or form protective layers of capsule or biofilm. The 
host cells’ surface has various receptors that the bacteria can bind to, such as integrins and 
uroplakin. TLR4 will respond to the LPS on the surface of the bacteria, and trigger the 
recruitment of leukocytes, primarily neutrophils, to the site of infection. 
 

1.3.3 Antimicrobial resistance in uropathogenic E. coli 

Antibiotics are the primary treatment available for urinary tract infections.ASB is 

often targeted for antimicrobial stewardship programs to reduce AMR because of the 

frequent incorrect prescription use in this population108,109. . Resistance to tetracycline is the 

most prevalent amongst UPEC (69%), next followed by resistance to sulfonamides (59%) 

and quinolones (49%).  β-lactam resistance is found in approximately 30% of strains. 
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Extended-Spectrum Beta Lactamases (ESBL) are also highly prevalent in this population and 

contribute to broad resistance to penicillin derived antibiotics and cephalosporins. 

Ampicillin resistance is rampant in UPEC strains, where an estimated 75% of strains carry 

resistance. Similar resistance is found to amoxicillin as well, 72% respectively110. Because 

UPEC resides innately in the gut, the opportunity to partake in horizontal gene transfer is 

high. Many of these resistance mechanisms are acquired through horizontal gene transfer 

systems, particularly plasmids. My work in Chapter III details the contributions of MGE to 

resistance in urinary E. coli. 

While many of these strains are clinically resistant, recent work suggests that strain 

heterogeneity exists among urinary isolates, particularly for fosfomycin111. Heterogeneity in 

resistance can be challenging in directing how to proceed with treatment, as it might indicate 

that treatment with the drug may fail, or lead to larger populations of tolerant bacteria, 

increasing AMR. A recent study has shown how AMR testing is done in clinical labs, may not 

be a true reflection on resistance thresholds for the particular bacteria strain112. This leads 

to further questions about true levels of AMR within the host.  

1.4 Unknowns and gaps in the field 

Given the large amount of publicly available bacterial genome data, and the need to 

derive genotype-phenotype relationships to result in improved diagnostics and 

therapeutics, there remains a gap in the field to utilize the available sequencing information. 

With the advent of NGS, we have become more acutely aware of how many traits are complex 

and involve multiple genes. This can be made even more challenging in traits that rely on 

changes in core features of the bacteria, rather than the acquisition of accessory genes. One 

such difficult trait is discerning strains of UTI from others that can colonize the bladder 
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asymptomatically. There exists a diagnostic bottleneck for patients where symptomatology 

cannot be determined or is unclear, whether that is due to altered mental status, disability, 

or age, we need to better understand the genomics of uropathogens to improve diagnostic 

methods, ideally in a way that is agnostic of patient input of symptoms. Previous studies have 

shown that UPEC do not have a traditional discrete virulence factor, like many other bacterial 

pathogens and other pathotypes of E. coli93,100,113–118. Several studies have shown that E. coli 

strains from UTI patients do adopt a different transcriptional and metabolic profile 

compared to ASB strains74,119,120. Many of the differences identified both transcriptionally 

and metabolically are in core genes. While E. coli has a flexible, open pangenome, there is a 

wide range of what can be encoded in E. coli genomes that could contribute to a patient 

developing symptoms.  

Previous work by Eberly et al. developed a pipeline for accessing de-identified 

bacterial strains as derivatives of care from the clinical microbiology laboratory at 

Vanderbilt University Medical Center74,121. Through this study, they showed the phenotypic 

diversity embodied by the E. coli isolated from urine, across several disease states (ASB, 

cystitis, pyelonephritis, and bacteremia)121.  

The exceptional diversity and number of urine samples collected with connected, de-

identified patient meta data provides a rich dataset to do high throughput association studies 

that can aid methods development for genomic prediction of complex bacterial phenotypes. 

The following questions will be addressed by this thesis: 

1. Can we build a computational genomics framework optimized for strain diversity to 

study clinical bacterial isolates? (Chapter II) 

2. Do mobile genetic elements constitute a defining feature of UPEC? (Chapter III) 
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3. Can we develop genomics methods for complex bacterial phenotypes such as 

discerning ASB from UTI strains? (Chapter IV) 

My work has produced a computational framework that can be applied to different 

bacterial species (Chapter II). Applying this framework, I found that putative virulence 

factors and AMR genes are equally acquired through MGE in strains associated with UTI and 

ASB, and do not constitute a defining feature of UPEC (Chapter III).  As there is no significant 

relationship between gene acquisition and UTI outcomes, I developed a polygenic method to 

score “pathogenicity risk” in urinary isolates, which furthers the use of GWAS in bacterial 

genomics studies (Chapter IV). With the polygenic score, I show how variants within the 

core genome can cumulatively predict whether the strain was from a patient with a UTI. 

Additionally, I found that these variants only contribute to approximately 20% of the 

symptomatic UTI phenotype.
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CHAPTER 2 

DEVELOPING A GENOMICS PIPELINE FOR POSITIVE URINE CULTURE ISOLATES 

This work has been adapted and expanded upon from Eberly et al. (2020). Data highlighting 
Phenotypic diversity of urine-associated Escherichia coli isolates.121. The rubric used by the 
clinicians was developed for the cited manuscript and utilized for further sample collection 
and extending beyond E. coli. 
 
2.1 Introduction 

Urine cultures are perhaps one of the most ubiquitous clinical tests because of their 

utility and cost effectiveness. Likewise, UTIs are one of the most common bacterial infections 

in the world, and impact over 150 million people annually122. Because of their massive 

volume in clinical microbiology laboratories, urine cultures serve as a unique opportunity to 

mine the natural diversity of bacteria that colonize or infect the bladder at significant 

burdens. In tandem, collection of de-identified meta data can serve as important co-variates 

for predicting clinical outcomes associated with the bacterial isolates.  

While much of the previous research has investigated the putative virulence factors 

of UPEC, there remains many unknowns as to what governs the combined host pathogen 

interactions that differentiate a symptomatic infection from asymptomatic colonization. On 

the surface, the strains from patients with UTI and ASB are the same and are often 

indistinguishable123–125. Within this dissertation, I utilized the established pipeline of 

collecting bacterial samples as a derivative of care under the IRB #151465. The previously 

established efforts resulted in ~400 E. coli strains from positive urine cultures, sequenced 

50 of them, and phenotypically characterized these strains based on biofilm production, 

growth kinetics, and metabolomics126. For my dissertation, I sought to expand this dataset 

to perform WGS on approximately 1000 strains and provide a pipeline to be scalable to other 
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bacterial uropathogens frequently collected as part of the biobanking system at VUMC.  

Relevant positive urine cultures that came through the VUMC clinical laboratory were 

banked and linked to the source patient’s de-identified electronic health record and added 

to the MicroVU database. Only clinically confirmed Escherichia coli isolates were used for the 

work in Chapters III and IV. Bacterial strain details and basic meta data for the associated 

patients are found in Appendix A. Beyond E. coli, additional specimens have been analyzed 

by me and others in the lab. Staphylococcus saprophyticus isolates that underwent whole 

genome sequencing and basic phylogenetic analysis as part of this pipeline are included in 

Appendix B.  

2.2 Bacterial strain selection criteria 

Collection of the isolates was carried out through the MicroVU74 initiative in the 

clinical microbiology labs at Vanderbilt University Medical Center. Isolates used in this thesis 

were collected across three different time periods – 2017, 2018, and 2020-2021. All bacteria 

were isolated from blood agar plates and were assigned species identification through 

MALDI-TOF analysis (Bruker IVD platform). For E. coli, this included ~1500 total isolates. S. 

saprophyticus included~80 isolates, and for P. aeruginosa (not discussed in this 

dissertation), ~350 isolates. A positive urine culture was determined using Cumitech 

guidelines65, where at least 105 Colony Forming Units (CFU)/mL of urine were identified of 

the bacteria of interest (Figure 6). 

For patient phenotypes, specialist providers collected and deidentified data 

according to a previously established rubric under IRB protocol #15146574. This data 

included binned information on age, biological sex, pregnancy, diabetes, 

immunocompromised status, and structural abnormalities (Figure 6). Only samples 



32  

procured from patients above the age of 18 were considered and saved to the final dataset 

used in this dissertation. We also collected data on whether the patient could be objectively 

determined to be considered diagnosed with asymptomatic bacteriuria (ASB). For this to be 

true, the patient must not have had any symptoms associated with bacterial infection 

(including lower urinary tract symptoms such as burning, frequency of urination, and pain, 

and systemic symptoms such as fever). Additionally, patients had to be able to communicate 

their symptoms to the physician. In cases where a patient might have altered mental status 

due to neurological disorders disability, or substance use, samples were excluded.  

 

Figure 6: MicroVU pipeline schematic 
Samples are acquired as a derivative of care from the clinical microbiology labs, where 
isolated bacteria from positive urine cultures are biobanked into MicroVU. Bacteria was 
grown, DNA was isolated, and subjected to short-read sequencing. In tandem, the medical 
records were reviewed by a clinician using the rubric to extract patient metadata at the time 
of the sample collection. 
 

Samples from ASB- and uncomplicated cystitis diagnoses were prioritized for 

sequencing. A summary of the demographic data of the patients data is found in Table 1, 

with a complete breakdown by sample in Appendix A. This summary includes the number 
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of bacterial strains from patients with each diagnosis of bacteriuria, age bins, biological sex, 

and risk factors. 

For S. saprophyticus, minimal patient meta data was collected. Only information on 

whether the strains came from patients with UTI was retained. Additional commensal 

isolates from rectovaginal samples from a protocol on clinical LIM broths for group B 

streptococcal screening127. Data figures produced from this dataset are shown in Appendix 

B. Summary data for S. saprophyticus is found in Table 2, with a breakdown by strain in 

Appendix B. 

Table 1: Summary of Sequenced Escherichia coli clinical isolate meta data 

Characteristic Number of Strains (%) 

Total 763 (100) 
Cystitis 577 (75.6) 

ASB 165 (21.6) 
Pyelonephritis 14 (1.9) 

Bacteremia 3 (0.4) 
Unclear 4 (0.5) 

Age Bin   
18-35 205 (26.9) 
36-50 130 (17.0) 
51-60 114 (14.9) 
61-70 138 (18.1) 
71-80 109 (14.3) 

81+ 66 (8.8) 
Sex  

Female 683 (89.5) 
Male 80 (10.5) 

Other Risk Factors  
Pregnant 54 (7.1) 
Diabetes 104 (13.6) 

Immune compromised 55 (7.2) 
Structural Abnormalities 123 (16.1) 
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Table 2: Summary of Staphylococcus saprophyticus clinical isolates 
Characteristic Number 

Total 80 
UTI 37 

Commensal 40 

2.3 In-House sequencing methods development using Illumina 

Individual colonies from the plates received through MicroVU were used to start 

overnight cultures in 5mL of LB broth. Cultures were incubated for 12-18 hours (hrs) at 37˚C 

with aeration. 500µL of culture were centrifuged to pellet the bacteria, with supernatant 

decanted. Bacteria pellets were frozen at -80˚C for later gDNA isolation. Invitrogen gDNA 

extraction kits were used to isolate gDNA. Samples were quantified spectrophotometrically, 

(Nanodrop) to ensure a DNA concentration >50ng/µL, and evaluate quality (260/280, 

1.7>2.1).  

Sequencing libraries were prepared using the DNA Prep for Illumina kits, 400ng of 

DNA in 30µL volume was used as input. Libraries were prepared according to the 

manufacturer’s instructions. DNA concentration after library preparation was determined 

using a Qubit2 instrument and the reagents for high-sensitivity readings (Qubit dsDNA 

Quantitation, High Sensitivity). Pooled libraries of ~24 samples per reagent kit at the 

appropriate final concentration according to manufacturer’s instructions were sequencing 

using the Illumina MiSeq platform (Figure 5). The resulting Fastq files were downloaded, 

and evaluated for quality, where sequencing runs with >85% of reads had a Phred Score of 

at least Q30 were used. Subsequent Fastq files were used in bioinformatic analyses described 

below and in specific detailed methods tailored for each chapter are included further in the 

dissertation in the corresponding chapters (Figure 7). 

2.4 Bioinformatic pipeline development optimized for strain diversity 
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When I started my thesis study, much of the comparative genomics work in bacteria 

relied heavily on reference-based approaches. However, references fall short when trying to 

study microbial genomes from isolates with expansive intra- and inter-strain heterogeneity. 

Thus, it was necessary to develop a pipeline that would allow me to study clinically isolated 

strains while persevering the true diversity and could be broadly applicable to other clinical 

strains.  

Once reads were procured from the Illumina they were first assessed for quality 

across several metrics before input into the rest of the bioinformatic pipeline.  Sequences 

were assessed for number of reads, adaptor sequences, GC content, uncalled bases (Ns), 

reads length, and redundant sequences using FastQC128. Sequences were only kept if 

coverage was greater than or equal to 15x, as calculated using the equation: 

(𝑇𝑜𝑡𝑎𝑙 # 𝑜𝑓 𝑟𝑒𝑎𝑑𝑠) ∗ (𝑟𝑒𝑎𝑑 𝑙𝑒𝑛𝑔𝑡ℎ)

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑔𝑒𝑛𝑜𝑚𝑒 𝑠𝑖𝑧𝑒
 

Read length and expected genome size are valued as number of base pairs. 

Reads were trimmed using Trim Galore (v.0.6.7) to remove adaptor sequences and 

low-quality end reads. Trimmed reads were assembled using SPAdes129 (v.1.13), with the 

specific options for isolate and paired-end reads. Contigs shorter than 800bp were removed 

from the assembly as the average prokaryotic gene is about 1000bp.Draft genomes were 

checked for contamination and completeness using CheckM130, with the species option set 

to E. coli. Genomes with contamination less than 5% and completeness greater than 95% 

were kept for further analysis. All reads and assemblies produced from this chapter can be 

found in NCBI BioProject PRJNA819016. 
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Figure 7: Genomics workflow 
Genomics pipeline development uses the produced sequences and applies a de novo 
approach to assembly and annotation. All groups of samples by species were analyzed for 
their pangenome and phylogenetic trees were built. Quality control steps were taken 
between sequencing and assembly, assembly and annotation, and annotation to pangenome 
analysis and is detailed in the text. Downstream analyses were carried out according to the 
project needs, as described in the respective chapters. 
 
2.5 Broader implications for the established bioinformatics pipeline 

While this pipeline was originally developed for use with urine-isolated E. coli to 

investigate genomic differences between two clinical phenotypes, there are wide-ranging 

applications to this framework. When I began the thesis work, there were few established 

methodologies for large-scale association studies using bacterial samples. Given the 
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opportunity to collect significant metadata in tandem with these bacterial strains, even fewer 

methods included the incorporation of co-variants to aid in prediction methods. This newly 

established framework has now been applied to a variety of cases within the lab that are in 

preparation for publishing, including: investigating the genomics of uropathogenic P. 

aeruginosa compared to respiratory strains, S. saprophyticus isolates from UTI sources 

compared to commensal rectovaginal strains (Appendix B), investigating mechanisms of 

antimicrobial resistance111. Outside of the lab, it has been used for assisting other labs’ needs 

to assemble, annotate, and compare genomes from diverse clinical samples. Some of the 

isolates included in this study have also been characterized in other publications looking at 

diversity of urinary E. coli as it pertains to specific genes of interest131,132. Chapters III and 

IV detail downstream analysis from what is presented in this Chapter and how genomics can 

further be used to understand clinically relevant bacterial pathogens. 

This pipeline can be used as a backbone for investigating many other clinical isolates 

and ascribing a variety of phenotypes to their genomics. Code for this pipeline will be 

available under the GitHub page https://github.com/gracehm/. 
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CHAPTER 3 

THE ROLE OF MOBILE GENETIC ELEMENTS IN VIRULENCE FACTOR CARRIAGE FROM 

SYMPTOMATIC AND ASYMPTOMATIC CASES OF ESCHERICHIA COLI BACTERIURIA 

This work in this chapter has been published at: Morales et al. “The Role of Mobile Genetic 
Elements in Virulence Factor Carriage from Symptomatic and Asymptomatic Cases of 
Escherichia coli Bacteriuria”. mSpectrum. 2023. (PMID 37195213). 

3.1 Introduction 

An estimated 50% of women will experience at least one urinary tract infection (UTI) in 

their lifetime, making UTIs one of the most prevalent human bacterial infections 80. 

Recurrent UTIs are likewise common and, in many cases, are caused by the same isolate 

causing the original infection 133,134. Overall, Escherichia coli accounts for >75% of UTIs 62,80. 

In addition to being a gut commensal, E. coli can colonize the urogenital environment, and 

ascend the bladder to instigate disease 135, including residing in quiescent bladder reservoirs 

between episodes62,80,136. These ‘uropathogenic’ E. coli (UPEC) typically belong to 

phylogroups B2 and D but lack the distinguishing molecular characteristics exhibited by 

their diarrheagenic pathotypes counterparts 97,137,138.  

Asymptomatic bacteriuria (ASB) is a common clinical presentation that creates a 

bottleneck in diagnosis. In ASB, a clean-catch urine sample with a high bacterial burden 

(typically ≥105 CFU/mL) is observed, but without the patient experiencing UTI-associated 

signs or symptoms. Strains of E. coli isolated from cases of ASB have not been distinguished 

from UTI-associated isolates in terms of specific defining virulence factors, and they 

additionally phylogenetically cluster in the same B2 and D clades 81,87,93,139–142. In general, B2 

and D strains harbor more virulence factors than other phylogroups 86,143. In addition to 

classifying strains by clade, E. coli strains can be differentiated through their multi-locus 
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sequence type (MLST). Many UPEC and ASB isolates cluster in ST73, ST69, and ST131 144,145. 

Specific MLST appear to carry larger quantities of antimicrobial resistance genes, such as the 

multi-drug resistant sequence type 131 146–149. Nevertheless, across both clade-and MLST-

based schema, urine-associated E. coli strains are both genotypically and phenotypically 

diverse, with no specific virulence-factor signature that clearly defines “UPEC”  

93,95,98,100,139,150.The current lack of organismal criterial for ASB and UTI-associated strains 

can lead to a clinical dilemma when a patient’s symptomatology is ambiguous or of unclear 

etiology. Even though most clinical scenarios do not warrant antibiotic therapy for cases of 

ASB by current guidelines, the majority of these cases are still treated with antibiotics 151–153. 

For diverse species, the bioinformatic identification of mobile genetic elements (MGEs) 

has enhanced our knowledge how these elements shape bacterial physiology and 

pathogenicity 154–158. MGEs represent an important source of virulence factors, antimicrobial 

resistance genes, as well as general genetic diversity 159–166. For diarrheagenic E. coli, MGEs 

can represent a pathotype-defining mechanism of virulence factor acquisition, such as the 

case of Shiga Toxin in EHEC 167–169. While carriage of these enteric virulence factors is 

uncommon in urinary E. coli 170, other virulence-associated genes may be concentrated 

within pathogenicity islands (PAI), large genomic tracts that can be mobilized via 

conjugation 171,172. Several PAI have been identified in UPEC strains, although they still do 

not constitute a defining feature for the pathotype 173–176.  

To these ends, the current work systematically characterizes the presence of additional 

MGEs in urinary E. coli – including from cases of both asymptomatic bacteriuria and 

symptomatic UTI – along with the association of these MGEs with virulence factors and AMR-

associated genes. As no discrete genes currently define strains of E. coli as UPEC 74,93, we 
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sought to determine if MGEs carriage (both in amount and type) might help characterize this 

pathotype via a differential association with symptomatic (i.e. UTI) and ASB cohorts 

169,177,178. Overall, we wished to determine if (1) strains from UTI cases harbored more MGEs 

than ASB-associated strains, and (2) if the MGEs within UTI-associated strains encode a 

greater number of total virulence factors and AMR genes than MGEs from ASB-associated 

strains. Although we did not anticipate any singular MGE-encoded genes to define these 

cohorts, this work may clarify if the global MGEs landscape of urinary E. coli correlates with 

patient symptomatology. 

Specifically, we applied Illumina whole genome sequencing and bioinformatic analyses 

to a diverse collection of E. coli from patients with UTI and ASB. We sought to characterize 

the relationship between the clinical presentation of these individuals (UTI versus ASB) and 

targeted genetic features of their associated strains. Specifically, we compared their 

phylogenetic distribution; the carriage of MGEs (prophage, plasmids, and transposons); and 

the corresponding location of virulence factors associated with uropathogenesis, along with 

antimicrobial resistance genes. Among our findings, we observed that the per-strain 

abundance of virulence factors showed phylogroup-specific trends (independent of whether 

the strain derived from UTI vs ASB), and that plasmids constituted a prominent source of 

antimicrobial resistance determinants. These groups of MGEs only constituted a very modest 

source of virulence factors for both UTI- and ASB-associated strains.  Notably, we observed 

no correlation of MGEs or virulence factors with the presence of symptoms in the source 

patient. These findings support the notion that the definition of the UPEC pathotype, 

including what might distinguish strains that elicit symptomatic infection and asymptomatic 

colonization, lies outside the individual or cumulative presence of MGEs and virulence 
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factors. 

3.2 Materials and Methods 

Strains information 

Escherichia coli strains used in this study were isolated from positive urine samples 

under Vanderbilt IRB #151465 as previously described; these specimens/organisms were 

obtained under the auspices of the MicoVU clinical microbial biobanking program  74. A list 

of strains and relevant information (phylogroup, clinical scenario, etc) is found in Appendix 

A. Strains were grown for genomic DNA (gDNA) extraction as follows: Strains were 

inoculated from freezer stocks into lysogeny broth (LB) media and incubated for 16-18 

hours at 37°C with shaking. 500µl of each culture was pelleted via centrifugation for 

subsequent gDNA extraction. 

Genomic DNA extraction, Library preparation, and Next Generation Sequencing  

Genomic DNA was extracted from 500µl pellets using Invitrogen’s PureLink Genomic 

DNA kit (Thermo Fisher Scientific, Product number K182002), according to manufacturers’ 

instructions. Purified gDNA was quantified and stored at -20C until sequencing library 

preparation. A total of 250-400ng of gDNA was used for library preparation for each strain. 

Libraries were prepared using the Illumina DNA Prep kit (Illumina, Cat. No. 20018705), 

following manufacturer’s protocol. Libraries were sequenced on an Illumina MiSeq instrument 

using paired-end reads, to a depth of at least 30x coverage using the MiSeq V2 and V3 reagent 

kits (Illumina, Cat. No. MS-102-2002 and MS-102-3001). Raw reads and assemblies are 

available under BioProject PRJNA819016.  

Bioinformatic Analysis 

The resultant fastq files were downloaded from the instrument and the quality of the 
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sequencing was evaluated using FastQC v. 0.11.9, with default options. We assessed read files 

for quality by looking at number of sequences with over 85% Q30 base pair reads and overall 

passing all checks for base quality, GC content, N content, length distribution, and 

overrepresented sequences 128. Fastq files were analyzed for sequence contamination to 

ensure the sequencing information was for one isolate using Confindr version 0.7.0 179. 

Sequences were assembled using SPAdes version 1.13, with the options “—isolate” and 

paired-reads 129. All contigs shorter than 1000bp were removed. CheckM v. 1.2.2 was run 

with the marker set for Escherichia containing 1628 marker genes across 307 sets using the 

option “taxonomy_wf species to compute assembly statistics on the curated assemblies. 

Statistics include completeness, percent contamination, and Individual statistics are 

summarized in Table 3. Fastg files were input into Bandage v. 0.8.1 to be visualized. 

A phylogenetic tree was constructed using Parsnp v. 1.15, with default options 180. A 

maximum likelihood tree on the core genome of these isolates was constructed and rooted 

to the reference genome for cystitis isolate UTI89 (CP000243.1). The tree was visualized 

using iToL and annotated according to the respective phylogroup as determined using 

Clermontyping v. 26.03, and the clinical scenario of the associated source patient 181–183. 

A list of virulence factors was curated that is frequently associated with 

uropathogenic and diarrheagenic E. coli strains. A list of the putative virulence factors and 

their function can be found in Appendix C, Table 14. We used the VirulenceFinder database 

as a basis for the diarrheagenic virulence factors and supplemented with genes described in 

the literature for other uropathogenic associated factors97,165,176,184. Virulence factors in the 

assembled genomes were identified using BLAST v. 2.12.0+, focusing on virulence factors 

most frequently associated with pathogenic E. coli. A threshold of 70% identity and 85% 
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alignment length was used to call for the presence of a specific virulence factor gene 185. A 

complete list and sequences can be found with the published manuscript. Antibiotic 

resistance genes were identified using ResFinder (version 2021-06-30 of the software and 

version 2021-03-09 of the database), searching for acquired antimicrobial resistance genes 

using 186. Prophage elements were identified using the web server PHASTER, using the 

database available in December 2020 187. PHASTER scores prophage elements as “complete,” 

“questionable,” or “incomplete” based on the presence of structural genes and homology to 

prophage sequences in the database. All prophage elements less than 10kb were removed to 

account for potentially other integrating elements, and any overlapping prophage regions 

were combined and assigned the highest level of completion of the overlapping elements. 

Plasmid sequences were extracted using plasmidSPAdes (v. 1.13) 188. Extracted plasmid 

sequences were also input to ResFinder (v. 2021-6-30) and to identify antibiotic resistance 

genes within the extracted plasmid sequences. A custom BLAST database was created using 

the plasmid sequences, and the virulence factors were aligned against this database to 

identify the presence of the virulence factor within a plasmid sequence using the same 

threshold as above, 70% identity and 85% length 185. Mobile elements such as transposons, 

insertion sequences, and integrative and conjugative elements were identified using 

MobileElementFinder v. 1.0.0 154. An overview of the bioinformatic pipeline is shown in 

Figure 8. 

Once all elements were identified within the assemblies, prophage elements, 

plasmids, and other mobile elements were cross-referenced with the virulence factors and 

antimicrobial resistance genes to check for overlapping features. Virulence factors and AMR 

genes were considered associated with the MGEs if they overlapped with plasmids or 
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prophage. This was identified through a custom Python script (github.com/gracehm). The 

virulence factors and AMR genes were considered associated with MGEs identified by 

MobileElementFinder if they overlapped within 31kb upstream or downstream of the 

identified element, suggesting it could be mobilized. This region correlates with the size of 

the largest composite transposon within Enterobacteriaceae in MobileElementFinder 

(Tn6108)154,189. We additionally checked edge cases where annotations for MGEs might not 

be resolved by counting the number of AMR genes and virulence factors within 31kb of the 

end of the contig. 

Statistical Analysis 

Statistical analyses (See figure legends for details) were carried out using Graphpad 

Prism 9. Graphs were created using Graphpad Prism 9 and Microsoft Excel. Non-parametric 

Mann-Whitney T-tests were used for all ASB vs. UTI comparisons. Kruskal-Wallis with 

Dunn’s Multiple correction tests were used in phylogroup comparisons. 2-way ANOVA tests 

were used to compare MGEs and symptomatology together. A Chi-Squared test was 

performed to test association of the presence of a virulence gene with the presence of 

symptoms of the source patient using 1 degree of freedom.  

Data Availability 

All raw sequencing reads were deposited in the NCBI Sequence Read Archive (SRA) 

under the Bioproject PRJNA819016. All assemblies produced from this work are also 

deposited under the Bioproject PRJNA819016. Extracted plasmid sequences have been 

deposited in GenBank.  

3.3 Results 

Clinical and phylogenomic characterization of urinary E. coli 
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To evaluate if MGEs carriage is a distinguishing feature of UPEC, we conducted whole-

genome sequencing of 151 urine-isolated E. coli strains that were previously characterized 

by their biofilm and metabolic traits (subset of Appendix A), as well as the clinical scenarios 

of their source-patients 74,121. These 151 strains originated from individuals with diverse 

clinical presentations, including ASB 63/151 (41.7%), cystitis 77/151 (50.9%), 

pyelonephritis 6/151 (3.9%), bacteremia 3/151 (1.9%), and one unclear case 1/151 

(0.66%) (Figure 9). For this study, we binned all the symptom-associated strains (cystitis, 

pyelonephritis, bacteremia, unclear) together and compared genetic features of these strains 

to those of the ASB group. 

Table 3: Summary of assembly statistics of 151 urinary E. coli 

Trait Value 
Mean GC (%) 50.59 
Mean no. of contigs 92.65 
Mean N50 209,951.63 
Mean Completeness (%) 99.43 
Mean largest contigs (bp) 520,685.87 
Mean contamination (%) 0.672 

 
 

For each strain, DNA was extracted and subjected to Illumina short-read sequencing 

and reads were used in de novo assembly using SPAdes, assembly statistics are highlighted 

in Table 3129. From the sequencing data, we applied ClermonTyping to assign clades182. A 

phylogenetic tree was built based on the core genome using Parsnp180, and visualized using 

iToL 181.  
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Figure 8: Workflow of Analysis 
Whole genome sequences of each of the isolates was queried for virulence factors, 
antimicrobial resistance genes, and various mobile genetic elements. Virulence factors were 
identified using BLAST against a list of virulence factors (Appendix C, Table 14). 
Antimicrobial resistance genes were identified using ResistanceFinder. Prophage elements 
were identified by PHASTER. Plasmid sequences were extracted using plasmidSPAdes. 
Mobile genetic elements such as transposons, integrative and conjugative elements, and 
insertion sequences were identified using MobileElementsFinder. All of the virulence factors 
and antimicrobial resistance genes identified were cross-correlated against the mobile 
elements identified in each strain to identify overlap at the genomic location. 
 

The isolates were representative of phylogroups A, B1, B2, C, D, E, and F, with 

120/151 (79.5%), belonging to B2 and D (Figure 9), an observation consistent with previous 

work 87,139,140. Multi-locus sequence types (MLST) varied among the sequenced strains, with 

only 4/151 strains harboring an MLST not found in the PubMLST database190 (Figure 10). 

Consistent with reports indicating ST131 as the most prevalent MLST in recent years 191, the 

MLST with the highest frequency in our dataset, 27/151 isolates (17.8%), are of the ST131 

MLST, (Figure 10). Of the ST131, 11/27 isolates (40.7%) came from patients with a UTI. 

Overall, our analysis demonstrated that ASB- and symptom-associated strains were similarly 

distributed among phylogroups and MLSTs (Figure 10).  
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Figure 9: Phylogenetics of 151 urinary Isolated E. coli 
A core genome alignment was completed using Parsnp. A maximum likelihood tree was 
constructed from the alignment and was visualized using iTOL. The outer ring of the 
phylogenomic tree indicates the presence of symptoms in the source patient. The 
phylogroup or clade of the strain is indicated in the inner ring, as identified through 
ClermontTyping. 

Prevalence of virulence factors across urinary E. coli 

To characterize the presence of virulence factors within the 151 clinical isolates, we 

curated a list of 112 virulence associated genes that represent 52 Escherichia coli virulence 

factors frequently found in uropathogenic and diarrheagenic pathotypes. Since we found 

that the commonly used VirulenceFinder database was not well tuned for UPEC, we 

supplemented it with known UPEC virulence factors based on the literature, and also 
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removed virulence factors not generally found in UPEC isolates (Appendix C, Table 

14)98,165,176. Several virulence factors associated with diarrheagenic disease were kept as 

controls as we did not expect to find these genes in high prevalence in our cohort. We 

considered all genes (here-after termed virulence-associated genes) that are required to 

produce a functional virulence factor (here-after referring to a fully functional protein or 

protein complex for a virulence factor). Of note, these include genes that code for adhesive 

organelles, like type 1 pili (fim), as well as iron acquisition systems, toxins, adhesins, and 

immune modulating proteins.  

 
Figure 10: Distribution of MLST of 151 urinary E. coli  
MLST was determined through PubMLST. Minor Type encompasses all singleton MLST. 
Strain breakdown can be found in Appendix A. 

 

We utilized BLAST 185 to identify the presence of these genes within the genome 

assemblies. This approach identified a total of 6591 genes encoding virulence factors 

(Figure 11A-B). These genes account for 2284 predicted functional virulence factors. When 

considering how many functional virulence factors were encoded by each strain, we found 
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an average of 15 virulence factors per isolate, with a range among all isolates of 5 to 25. When 

categorized by UTI versus ASB, the UTI isolates had an average of 15 predicted functional 

virulence factors with a range of 6 to 25, while ASB had an average of 14 virulence factors 

per strain with a range of 5 to 25. There was no statistical difference in number of virulence 

factors in strains from ASB versus Symptomatic patients when tested with Mann-Whitney T-

tests. We compared the number of virulence factors among phylogroups and found clade B2 

encoded more virulence factors (per strain, p<0.05 with Kruskal-Wallis test) than all other 

clades except F (Figure 11C).  

 
Figure 11: Identification of virulence factors in urinary E. coli 
 A. Virulence-associated genes were identified using BLAST and counted individually 
(P > 0.05 by Mann-Whitney test). B. Virulence factor units were considered present if all 
virulence-associated genes for a given factor were identified (P > 0.05 by Mann-Whitney 
test). (C) Virulence factors were identified more frequently in the B2 phylogroup than in the 
A, B1, D, and Other (encompassing C and E) groups (considered significant if P < 0.05; 
Kruskal-Wallis test with Dunn’s multiple comparisons). 
 

In addition to the total number of virulence factors per strain, we also inquired 

whether the presence of any particular factor was associated with the clinical presentation 

of the patient, in which we tested via Chi-squared test. Indeed, the number of individual 

virulence-associated gene or complete virulence factors could not be significantly associated 
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with UTI- versus ASB-associated isolates (Figure 12). 

 
Figure 12: Virulence Factors and AMR genes by outcome 

A. Virulence factors were identified from a list of known E. coli virulence factors and putative 
uropathogenic virulence factors using BLAST. B. AMR genes were identified using ResFinder. 
No significant differences were identified between all clinical phenotypes, p>0.05 Kruskal-
Wallis test with Dunn’s multiple testing. 

Prevalence of antimicrobial resistance genes across urinary E. coli 

Given the prominence of antimicrobial resistance in uropathogens, with up to 90% of 

isolates resistant to at least one agent, we explored the distribution of antibiotic resistance 

genes 192–194. We first employed ResFinder 165 to identify genes associated with antimicrobial 

resistance (AMR) in our cohort. The ResFinder database includes enzymes, efflux pumps, 

and alternative alleles. In total, we identified 783 instances of AMR genes across 48 distinct 

AMR alleles across all isolates. Each strain in the cohort encoded at least one AMR gene, with 

a median of 3 and a cohort range of 1 to 18. UTI-associated isolates had a median of 3 AMR 

genes per strain, with a range of 2 to 14. The ASB strains also had a median of 3 AMR genes 

per strain, with a range of 1 to 18 (Figure 13A). The most commonly identified genes were 

mdfA (multi-drug efflux) and sitABCD (peroxides resistance). The most prevalent predicted 

resistance was to the sulfonamide, β-lactam, aminoglycoside, and trimethoprim drug classes 
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(Table 4). Phylogroup B2 had significantly more AMR genes compared to phylogroups B1 

and F (Figure 13B). Similar to other reports, we observed that ST131 encode significantly 

more AMR genes than most other sequence types in the dataset 149,191,195–197. 

Neither the burden of AMR genes (Figure 13A) nor predicted resistance to specific 

drug classes (Figure 12C) correlated with the presence of symptoms in the source patient 

when tested with Mann-Whitney T-test and two-way ANOVA test, respectively.  

Table 4: Most frequently predicted drug class resistance using ResFinder 

Drug class example No. of isolates (%) 

Aminoglycoside resistance 103 (68.2) 
β-lactam resistance 64 (42.3) 
Sulfonamide resistance 60 (39.7) 
Trimethoprim resistance 43 (28.4) 
Tetracycline resistance 33 (21.8) 
Macrolide resistance 29 (19.2) 
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Figure 13: AMR genes in urinary E. coli 
A. AMR genes were equally distributed among symptomatic and asymptomatic patients 
(P > 0.05 by Mann-Whitney test). B. AMR genes were slightly more significantly associated 
with the B2 phylogroup than the B1 group (P < 0.05 with Kruskal-Wallis test with Dunn’s 
multiple comparisons). C. Symptomatic patients additionally did not carry more resistance 
genes associated with any drug class (P > 0.05 by 2-way ANOVA). 

Prophages are not a significant source of virulence factors nor antimicrobial resistance in 

urinary E. coli 

As prophage can be instrumental in the virulence of bacterial pathogens 161,198,199, we 

next queried prophage sequences in our cohort of 151 strains, to investigate whether 

prophage features might likewise correlate with the clinical symptomology of urinary E. coli. 

PHASTER was employed to predict prophage elements within the assemblies 187.  This tool 
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assigns a score to the elements identified, to predict completeness of the prophage element 

based on the length of the prophage sequence, the presence of structural proteins, and the 

presence of an attachment site. Of the 946 prophage elements identified by PHASTER, only 

403 (42.6%) were predicted to be complete sequences (Figure 14). Among these, the 

Enterobacteria phage mEp460 (NC_019716) was the most prevalent, present in 29/151 

isolates (Table 5).  

 
Figure 14 Prophage elements identified in 151 urinary E. coli 
PHASTER187 was used to identify prophage elements from the strains’ sequences. A total of 
946 elements were identified across the dataset. A. 403 elements were considered complete, 
401 were considered incomplete, and 142 elements were questionably complete. B. 
Prophage elements are found equally in strains from ASB patients compared to symptomatic 
patients. P>0.05, Mann-Whitney test. 
 
Table 5: Top five most frequently identified complete prophage elements 

Closest Phage (GenBank accession no.) No. of instances 
Enterobacterial phage mEp460 (NC_019716) 29 
Enterobacterial phage P88 (NC_026014) 22 
Enterobacterial phage BP-4795 (NC_004813) 15 
Shigella phage SfII (NC_021857) 13 
Pectobacterium phage ZF40 (NC_019522) 12 
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Figure 15: Prophage are not a significant source for AMR or VF in urinary E. coli 
Prophage elements were identified using PHASTER. A. The amount of prophage, in kilobases, 
is positively correlated with the genome size of the strain (linear regression analysis). B. and 
C. Prophage elements, regardless of completeness, are not significantly associated with B. 
the presence of symptoms in the source patient or (C) the phylogroup of the strain (P > 0.05 
by Mann-Whitney test and Kruskal-Wallis test with Dunn’s multiple comparisons, 
respectively). D. The majority of prophage elements do not carry virulence genes or AMR 
genes, and carriage of these genes by prophages is not significantly associated with the 
presence of symptoms (P > 0.05 by 2-way ANOVA). 
 

A positive Pearson’s Coefficient was observed between the genome size of an isolate 

and the total, in kilobases, prophages carried (Figure 15A), indicating a correlation between 

genome size and total prophage carried. Regardless of completeness, the number of 

prophage elements within a given genome was between 0 and 13, with a median of 6 (Figure 

15B), Mann-Whitney test. As above, this number was observed to be independent of the 
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presence of symptoms in the source patient (Figure 15B), or phylogroup of the strain 

(Figure 15C), p>0.05 with Mann-Whitney and Kruskal-Wallis tests.  

We next checked if the prophage’s locations overlapped with the locations of 

virulence factors and AMR genes to gauge the carriage of these genes by the prophage 

elements. Only 43/6591 virulence-associated genes identified were predicted to be carried 

by prophage elements in ten strains, suggesting that prophage are not a major contributor 

to virulence factor acquisition in UPEC. These 43 virulence-associated genes that overlapped 

with prophage elements encoded five fully functional virulence factors, across five strains 

(one per strain), including the adherence appendages encoded by the afa, dra, and fim gene 

clusters. Across all 151 strains, however, these virulence factors were more frequently 

associated with chromosomal DNA, rather than with a prophage element. When we checked 

prophage elements with the antibiotic resistance factors, only two instances including genes 

blaTEM-1A and formA were associated with prophage across all strains.  

Plasmids contribute to AMR and virulence factor acquisition 

We next evaluated the presence of plasmids and their correlation with AMR and 

virulence factors. Plasmid sequences were assembled from the reads data using 

plasmidSPADES 129. We further preformed in silico replicon typing and identified the NCBI 

nearest neighbor using PlasmidFinder and MOB-Suite 200,201. We found Incompatibility 

plasmids (Inc) and colistin-conferring plasmids (Col) to be the most abundant, with 92 and 

86 identified plasmid sequences, respectively (Table 6). Between these two plasmid types, 

this accounts for 43.8% of all identified plasmid sequences in the cohort. However, 61% of 

the plasmids had no known replicon-type (Table 6). Interestingly, despite the prevalence of 

colistin-conferring plasmids, we detected only one instance of a colistin resistance gene in 
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the dataset (Figure 13C). A median of 2 plasmids were predicted per strain, with a range of 

0 to 11 predicted plasmids (Table 6). We found that the number of predicted plasmids 

identified was positively correlated with genome size (Figure 16A). We identified AMR 

genes by using the extracted predicted plasmid sequences in ResFinder 165,186. Virulence-

associated genes were identified within these sequences using BLAST. Within the plasmid 

sequences, we identified 112 instances of antibiotic resistance genes and 209 virulence-

associated genes. This corresponded to 14.3% of the total AMR genes and 3.2% of virulence 

associated genes. The total number of predicted plasmids was independent of the presence 

of symptoms in the source patient and independent of the phylogroup (Figures 16B). 

Table 6: Summary of plasmid assembly statistics 

Trait Value 
Total plasmids identified 498 
Median plasmids per strain (range) 2 (0-10) 
Avg size (bp) 10,442 
Most commonly identified plasmid type Inc plasmids (92/406) 
No. of unknown plasmid types 248/406 (61%) 

 
We next investigated how plasmid-encoded virulence factors or AMR genes were 

distributed among UTI strains or ASB strains. Plasmids were not associated with the 

presence of symptoms, regardless of how many virulence factors or antimicrobial resistance 

genes they contained (Figure 16D). This indicates that acquisition of these fitness factors 

through plasmids is not associated with symptomatic colonization. Additionally, we found 

that plasmids carrying AMR genes rarely carried virulence factors (Figure 16D).  
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Figure 16: Plasmids contribute to acquisition of AMR in urinary E. coli  
Plasmid sequences were identified using plasmidSPAdes. Virulence-associated genes and 
AMR genes were identified using BLAST and ResFinder, respectively. A. Plasmids are 
positively correlated with the size of the genome of the strain (linear analysis). B. Plasmids 
are not significantly associated with the clinical presentation of the source patient (P > 0.05 
by Mann-Whitney test). C. Plasmids are significantly increased in the F phylogroup 
compared to B1, but not significantly different in any other comparison (P < 0.05 Kruskal-
Wallis Test with Dunn’s multiple comparisons). D. Plasmid composition is similar between 
ASB and symptomatic strains (P > 0.05 by 2-way ANOVA; row factor). 
 
Other Mobile Genetic Elements contribute to virulence factor acquisition 

We next searched for additional MGEs using MobileElementFinder, which is able to 

identify insertion sequences, integrative and conjugative elements (ICE), as well as 

transposons from sequence data. We identified 2898 MGEs within our strains, with the 
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majority of these MGEs being insertion sequences (Figure 18). Once again, these other MGEs 

were carried without a clear association to the clinical presentation and phylogroup 

(Figures 17A and 17B).  

 
Figure 17: Other MGE do not contribute to fitness factor acquisition in urinary E. coli 
Other MGEs were identified using MobileElementFinder, and the locations of these mobile 
elements were cross-correlated with the locations of virulence-associated genes and AMR 
genes previously identified. A.  Mobile elements (including insertion sequences, 
transposons, and integrative and conjugative elements) are not associated with symptomatic 
colonization (P > 0.05 by Mann-Whitney test). B. Other MGEs are found independent of 
phylogroup (Kruskal-Wallis test with Dunn’s multiple comparisons). 
 

The location of these additional MGEs were likewise cross correlated with the 

location of virulence factors and AMR genes, similar to the prophage analyses described 

above. We considered there to be an association if a gene was identified within 31kb of the 

MGEs based on the largest known conjugative transposon in the family 

Enterobacteriaceae154,189. By considering this additional flanking sequence, we took into 

account the potential for linkage between a mobilized element and adjacent chromosomal 

sequence. We identified no virulence associated genes nor AMR genes associated with other 

MGEs. We also considered the possibility that genes might be mobilized by an MGE that was 

not annotated due to being near the end of an assembled contig. Within our dataset, we found 

59% of the AMR genes and 40% of virulence genes were annotated within 31kb of the end 
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of a contig. Thus, while we found no direct associations of AMR genes and these other MGEs, 

we cannot conclude that MGEs do not contribute to acquisition of these features in urinary 

E. coli. Nevertheless, in this context, our data suggest that MGEs do not constitute a defining 

feature to distinguish ASB from symptomatic strains.  

 
Figure 18: Insertion sequences make up most of "other" MGE. 
Mobile genetic elements including insertion sequences, transposons, and integrative and 
conjugative elements were identified using MobileElementFinder. Each type of other MGE is 
found in equal prevalence in ASB and symptomatic strains. P>0.05, 2-way ANOVA test. 

3.1 Discussion 

In this work, we investigated how MGEs shape fitness factor acquisition in Escherichia 

coli isolated from the urine of UTI and ASB patients, with the goal of determining whether 

MGEs could distinguish these two groups of clinically important isolates. While UPEC does 

not have a genetic signature associated with it yet, MGEs have been shown to be help in 

pathotype assignment in E. coli, such as in the case of the prophage encoded Shiga Toxin 

168,202,203. With UTI being one of the most prevalent bacterial infections in humans, it becomes 

imperative to understand what features distinguish uropathogenic E. coli from others within 

the same phylogroup.  

Overall, we conclude that MGEs moderately contribute to antimicrobial resistance, 
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and that virulence factors seem to be clade dependent, and not linked with antimicrobial 

resistance gene acquisition. We identified approximately 14% of antimicrobial resistance 

genes were acquired through plasmids, which covered some of the most commonly plasmid-

acquired antibiotic drug classes204,205. Several studies have indicated an increase in 

extended-spectrum beta lactamase-producing E. coli from patients with bacteriuria. We 

corroborate this finding and show similar prevalence of ESBL genes as in other studies 206.  

We report that incidence of virulence factors mobilized by any element are less than 

10%, suggesting virulence factors are encoded in the chromosome and arise through 

pathogenicity islands as well as through clade effects. This is supported by the distribution 

of virulence factors by phylogroup (Figure 11D). Phylogroups B2 and D statistically carry 

more virulence factors than the other phylogroups, which is corroborated by other studies 

86,143,207. While phylogroups E and B1 are most frequently associated with highly virulent 

EHEC strains 81,207, we identified both in our dataset. Both of these traditionally, highly 

virulent groups, contained less virulence factors as compared to the B2 and D phylogroups.  

Unlike EHEC or STEC, mobile genetic elements do not define UPEC. Each mobile 

element and fitness factor was tested against the presence of symptoms in the source patient, 

none of which were found to correlate with UTI. Other studies have shown that in itself, 

integration and maintenance of prophage elements can impact carbon metabolism, 

predation, and respiration of the bacteria208–210. Prophages might impact how UPEC are 

interacting with the host bladder environment by influencing how it metabolizes and 

navigates the hypoxic bladder. Given the diverse nature of prophage elements identified in 

strains from both asymptomatic and symptomatic patients, integration sites and additional 

genes carried by prophage could play an important role in discerning how prophage might 
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impact bladder colonization and subsequent infection199,211.  

This is the first study to look at correlation of MGEs and fitness factors in UPEC, 

although it could potentially still underestimate the MGEs’ identification due to the nature of 

the short-reads sequencing212,213. However, these predictions and analyses provide insights 

to how MGEs shape the virulence landscape of urine-isolated E. coli. Additionally, this work 

focuses on the genomics of the bacteria colonizing the bladder of the human host, agnostic 

of the effect the host’s immune system might have. It is known that bacteria that do not elicit 

as strong of an innate response, typically through TLR4, will typically cause ASB, while 

strains eliciting a strong immune response will result in a symptomatic UTI75,214,215. It is 

possible that other genes being carried by these MGEs could impact how UPEC modulates 

the immune response through metabolism changes or regulation of virulence factors genes 

already in the genome.  

In summary, this study provides a basis for how UPEC, including strains from 

asymptomatic bacteriuria, might acquire fitness factors. While we show that MGEs carriage 

and virulence factors do not discretely define UPEC, this work suggests a more nuanced 

molecular signature, such as in polymorphisms present in their core genome, might exist to 

identify urine-isolated strains with pathogenic potential.  
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CHAPTER 4 

APPLICATION OF GENOME-WIDE ASSOCIATION STUDIES AND POLYGENIC SCORES TO 

BACTERIAL PHENOTYPES 

 
4.1  Introduction 
 

Polygenic Scores (PGS) are used in mammalian systems to predict an individual’s risk 

of developing a complex disease. They can provide higher resolution to a Genome-Wide 

Association Study (GWAS) when genome variants have smaller effect sizes216,217. Recent 

advancements in microbial genomics have utilized GWAS analyses to identify drivers of 

antimicrobial resistance and virulence factors61,218,219. However, these studies rely heavily 

on a dominant variant or mechanism to identify the causative genes for the tested phenotype. 

This is partially due to the greater magnitudes of diversity in bacteria compared to humans. 

The development of novel, reference-free methods to analyze the growing library of 

microbial genomes is necessary to employ the data to its fullest extent and deconvolute 

complex phenotypes outside of the traditional one gene-one phenotype paradigm.  

For some bacterial infections, clear delineation between a healthy and diseased state 

can be subjective, and there is not always a clear genetic determinate to define the infected 

state67,220–222. We utilized the phenomenon of asymptomatic bacteriuria (ASB) as a model for 

a complex bacterial phenotype. In the case of ASB, a patient may present with significant 

bacterial burden in the urine but experience no symptoms. In many of these cases, 

symptomatology can be unclear-due to age, disability, or altered mental status.  In which 

case, diagnosis can become subjective, and often results in inappropriate prescriptions of 

antibiotics. Currently, there is no genetic signature to distinguish bacterial strains causing 
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urinary tract infection (UTI) as compared to those that cause ASB 93,223,224. It is understood 

that several putative virulence genes exist in strains that can cause both ASB and UTI, but 

none are clearly deterministic of symptomatology. This suggests a combination of bacterial 

genotypes and bacteria-host interactions implicate the development of symptoms.   

Utilizing urinary Escherichia coli as a model, we applied a microbial GWAS paired with 

a polygenic score to predict a strain’s pathogenic potential. Using the results from the 

mGWAS, we cumulatively scored the estimated effects of each genetic variant to produce a 

polygenic score. When building the models, applied several thresholding mechanisms to 

further filter the variants. Here, we discover how smaller effect-size variants may 

cumulatively contribute to a greater association with pathogenic potential and arising from 

a UTI patient. Further analyses indicate that core genome variants, rather than acquisition 

of accessory genes, drive this association. These models reinforce there is no single path or 

cumulative set of variants that ultimately defines a symptomatic UTI on the bacterial end. 

Core variants appear to contribute only in part to the UTI phenotype, implying that much of 

the phenotypic variation is due to a combination host factors, environmental conditions, 

biochemical interactions, and genomics variations. Overall, while the present data suggests 

that a unified microbial genomic signature to differentiate UTI from ASB strains is 

unrealistic, we provide a novel framework to apply with mGWAS data outputs more broadly 

to better understand the genetics of complex bacterial phenotypes. 

4.2  Materials and Methods 

Strain collection and Metadata collection  

Detailed methods for the isolation and sequencing of bacterial strains used in this 

chapter are found in Chapter II. A full list of strains used in this chapter is found in Appendix 



64  

A. 

Genome Quality Control, Assemblies, and Annotation  

Sequencing reads were assessed for quality using FastQC128 (v. 0.11.9)14. Reads were 

included if they had a Q30 score over 85%, and passing overall checks for base quality, GC 

content, N content, length distribution, and overrepresented sequences. Fastq files were 

trimmed using Trim Galore225 (v. 0.6.7) using default settings for paired-reads. Sequences 

were assembled from the trimmed reads using SPAdes129 (v. 1.13) using options for “—

isolate” and paired-reads. Assemblies were analyzed for length and contigs shorter than 

800bp were removed. Assembly files were analyzed for sequence contamination using 

CheckM130 (v.1.2.2). CheckM was run against a species-specific gene marker set of 1,628 gene 

markers. Samples with >5% contamination were discarded. Assemblies were annotated 

using Bakta226 (v. 1.5.1).  Assembly statistics summary is found in Table 8. 

As a final quality metric, we utilized tools specific for further characterizing the E. coli 

strains. We used ClermonTyping182 (v. 26.03) to assign E. coli phylogroups to the assemblies. 

Assemblies that did not have a phylogroup identified or were assigned to a cryptic clade were 

removed from the dataset. PubMLST190 was used to assign Multi-Locus Sequence Types. 

ECTyper227 (v. 1.0.0, database v. 1.0) was used to assign O- and H- antigen types for each 

strain, running with default settings. Phylogroup, MLST, and antigen types are summarized 

in Appendix A. The final dataset of assemblies comprised of 739 isolates.  

A phylogenetic tree based on the core genome was built using Parsnp180 (v. 1.7.4) 

applying default settings and rooted to Escherichia coli UTI89 (CP000243.1). This tree was 

visualized in iToL181.  

Pangenome Analyses  
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The pangenome of the 739 isolates was computed using Roary228 and PIRATE229 to 

identify all coding regions in the dataset using the outputs from Bakta. The core genome was 

computed as 99% of the genomes containing the coding region, while the accessory genome 

was considered everything else.  

Genome Wide Association Studies  

The output from Roary was next used as input for Scoary53.  Scoary was used using 

default parameters with the output from Roary and a binary phenotype “ASB” or “UTI” was 

used. Significance was established as (α / Average Number of Coding Regions per Strain), in 

which α=0.05. This is denoted in Figure 20 as the dotted line.  

For antimicrobial resistance, antibiogram data was collected from the strains using 

IRB #151465. Resistance interpretations for ampicillin, trimethoprim/sulfamethoxazole, 

and tetracycline were extracted for validation of DBWAS230 methods on our dataset before 

proceeding with the UTI phenotype.  

DBGWAS230 was used for a Kmer based Genome-Wide Association Study, in which all 

assemblies were parsed into Kmers, and each Kmer was statistically correlated with the 

binary phenotype (same as above). DBGWAS was run using the option for incorporating 

phylogeny into the model (-newick, where a phylogenetic tree is input as a parameter). All 

significant Kmers were put into BLASTn185 to annotate the loci of interest.   

The level of significance was determined to be P≤3.48x10-8, with 1,430,599 Kmers 

tested. The level of significance indicates what Kmers were determined to be associated with 

the binary phenotype described above, either associated with UTI strains or ASB strains. 

Polygenic Score (PGS) Calculation  

Using the binary Kmer presence/absence and output summary files from DBGWAS, 
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significant Kmers were selected to be used in the polygenic score. The estimated effect for 

each significant Kmer was multiplied by the binary presence or absence for each strain (1 

for present, 0 for absent). The estimated effects were summed to make the cumulative 

polygenic score.   

To refine and prune the polygenic score, linkage disequilibrium (the correlation 

between any two Kmers) was accounted for by calculating the deviation (D) and correlation 

coefficient (r2), adapted from Hill and Robertson12. Each Kmer was treated as biallelic, where 

a Kmer was either present or absent. For each Kmer in each locus, D and r2 were computed 

where PA denotes the probability of A Kmer being present, while Pa denotes the probability 

of the Kmer being absent, and PB and Pb denotes the presence or absence of another K-mer 

in the same locus, respectively.  

𝐷 = 𝑃𝐴𝐵𝑃𝑎𝑏 − 𝑃𝐴𝑏𝑃𝑎𝐵 

𝑟2 =
𝐷2

(𝑃𝐴∗𝑃𝑎)−(𝑃𝐵∗𝑃𝑏)
  

Next, the polygenic score was computed using three different thresholds of r2 : 0.5, 

0.25, and 0.1, where only Kmers that had an r2 value below the threshold would be used. 

These analyses were performed in order to account for Kmers that might co-occur frequently 

or overlap, which might confound the polygenic score. Metrics for the polygenic score were 

computed and normalized to the median, and a standard deviation of 1.  

Validation Dataset 

Publicly available bacterial strains from cases with sufficient meta data were used as 

a validation set for the PGS. Strains were only used if they were annotated as “cystitis” or 

“ASB”. This encompassed data from studies across multiple countries and time periods105,231–

233. 
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Co-variance of Kmers 

Co-variance of Kmers for iraD, phoH, pitB, and lnt was determined using the dot 

product of the matrices of presence or absence of each Kmer in the respective loci.  

Heritability and Cross Validation of Kmers 

Pyseer54 (v.1.3.10) was used to cross-validate Kmers identified by DBGWAS in the 

aligned analysis. Pyseer was run using unitigs identified by unitig-caller234 (v. 1.2.1) on the 

consensus genomes produced from the aligned results, with additional options for –

similarity (using a phylogeny matrix built from the phylogenetic tree), and –lmm to produce 

a Linear Mixed Model to predict narrow-sense heritability (h2) for each genetic variant.  

Logistic Regression Analysis 

A logistic regression was performed using the Python library “sklearn” (Python 3.9, library 

v. 1.5.0). The regression was trained using the VUTI dataset with the binary phenotype (UTI 

or ASB) and the corresponding normalized PGS for each strain. The model was tested on the 

external data described above. False positive rate and true positive rate was graphed on a 

receiver operating curve. 

Data Availability 

Sequencing data is available under BioProject PRJNA819016. Meta data for each 

sample is found in Appendix A. Code is available under 

https://github.com/gracehm/Bacterial_PRS. 

4.3  Results 

Strain Diversity and Population Structure by Source-Patient Symptomatology  

For the identification of bacterial genomic factors associated with host phenotypes, 

we established a strain collection, isolated from positive urinary cultures from a large 
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healthcare system in the Southeastern United States. The strains were identified as 

Escherichia coli, through the clinical microbiology lab’s standard operating procedures. 

Strains collected were assigned a Vanderbilt Urinary Tract Isolate (VUTI) number. We 

performed WGS on 739 strains from unique patient samples. Each sample was subjected to 

chart review by clinicians to determine patient symptomatology at the time of the positive 

urine culture (Table 7). For the purpose of this study, only strains isolated from patients 

with cystitis or ASB were sequenced. De-identified chart review data included sex, age, 

collection method, diabetes status, pregnancy, immunocompromised status, and structural 

abnormalities of the genitourinary tract (Table 7).  

Table 7: Summary of patient demographics with bacteriuria 

Characteristic1   Total cohort   
(n=739)   

Total ASB   
(n=165)   

Total Cystitis   
(n=574)   

Median Age Group 
(years)   

51-60   51-60   51-60   

Clean Catch  681 (92.1%)  149 (90.3%)  532 (92.6%)  

Female   659 (89%)   149 (90.3%)   510 (88.9%)   

Male   81 (11%)   16 (9.7%)   64 (11.1%)   

Pregnant   53 (7%)   36 (21.8%)   17 (2.9%)   

Diabetes   101 (13.6%)   24 (14.5%)   77 (13.4%)   

Immunocompromised   54 (7.3%)   26 (15.7%)   28 (4.8%)   

Structural 
Abnormalities   

123 (16.6%)   48 (29%)   75 (13%)   

 
68.8% of strains came from uncomplicated cystitis cases in females.  Complete strain 

cohort information is found in Appendix A. The ASB cohort is enriched for pregnant people 

and immunocompromised people (transplant recipients) due to the frequency of urine 

screenings in this population. 

I used short-read sequencing to produce draft assemblies of each strain, which were 

then annotated using Bakta226. Using Parsnp180, I constructed a maximum-likelihood 
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phylogenetic tree based on SNPs in the core genome. We in silico identified the phylogroup 

and MLST of each isolate from the assemblies. In agreement with other reports183, the 

majority of the isolates in our dataset (627/739, 84.8%) belong to phylogroups B2 and D. 

Interestingly, we were able to isolate strains from every phylogroup of E. coli, from both ASB- 

and cystitis- patients (Figure 19A). We observed no significant differences in the strains’ 

phylogroup in relationship to the symptomology of the source patient (Figure 19B). We 

identified the multi-locus sequence type of each strain using PubMLST190. Many of these 

strains belong to ST131 (120/739, 16.2%), ST95 (54/739, 7.3%), ST73 (65/739, 8.7%), and 

ST69 (38/739, 5.1%), and are independent of the presence of symptoms in the source 

patient (Figures 19C and 19D).  These four major, global sequence types make up 

approximately 37% of the dataset.  
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Figure 19: Phylogenetic distribution of 739 urinary E. coli 
ASB and UTI strains have similar phylogenetic profiles. A. ASB and UTI strains are found in 
all phylogroups of E. coli, and B. are equally prevalent in each phylogroup. C. and D. MLST 
distribution is also the same between the two groups.  
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Table 8: Assembly Statistics for 739 Urinary E. coli 

Statistic Value 

Mean Completeness (%) 99.43% 

Mean Number of Contigs 101 

Mean Longest Contig (bp) 419,002 

Mean N50 164,659 

Mean Coverage  53.26x 

 

Benchmarking GWAS using AMR genes 

GWAS in microbial genomics has frequently been used to identify antimicrobial 

resistance (AMR) genes. We therefore sought to benchmark our methods using AMR as a 

positive methodic control given the clear genotype-phenotype relationship of AMR. We 

selected three antibiotics with three different known mechanisms, ampicillin, ciprofloxacin, 

and trimethoprim/sulfamethoxazole (TMP-SMX). Of the 739 total E. coli strains, 512 isolates 

had available clinical antibiogram data. 38.6% were resistant to Ampicillin, 16.7% were 

resistant to Ciprofloxacin, and 18.8% were resistant to Tri/Sulf (Table 9). The draft 

assemblies were used as input for the software DBGWAS with the resistance phenotypes.  

Indeed, these analyses were able to identify highly significant Kmers associated with 

the AMR phenotype, specifically in well-established resistance genes. These included a 

variety of Class I Beta-lactamases for ampicillin, topoisomerase genes (gyrA and parC) for 

ciprofloxacin, and dfrA for TMP-SMX (Table 10). Because we were able to identify resistance 

genes associated chromosomally and on mobile genetic elements, we proceeded with 

applying this methodology with our 739 total genomic sequences to our more complex host 

phenotype of UTI or ASB. It should be noted that the only significant component (locus) 

identified by DBGWAS for Ampicillin was class A Beta-lactamases. Similarly, for TMP-SMX, 

only a single locus was identified as significant. There was more diversity in the loci 



72  

associated with ciprofloxacin resistance, including topoisomerase subunits, a fimbrial usher 

protein, and others. A list of significant Kmers affiliated with antimicrobial resistance and 

the corresponding annotation is found in Appendix D. These data show that we are able to 

identify clear genotype-phenotype relationships with our data across both the chromosome 

and on plasmids.  

Table 9: Antibiogram data for 512 E. coli isolates 

Total = 512 Amp Cipro TMP-SMX 

Susceptible 61.7% 77.9% 81.2% 

Intermediate 0 5.4% 0 

Resistant 38.3% 16.7% 18.8% 

 
Table 10: GWAS results for antimicrobial resistance phenotypes 

 Amp Cipro TMP-SMX 

Top hit annotation Class A Beta-
lactamase (plasmid 

derived) 

Topoisomerase subunits 
(gyrA, parC) 

dfrA 

Lowest P-value 3.11E -115 2.24E -78 2.47E -107 

 
 
 
Applying GWAS to identify significant loci associated with host-phenotypes 

Multiple GWAS strategies were applied to our dataset – utilizing Scoary53 for 

association of gene presence with our phenotype, and DBGWAS49 to assess Kmers in the 

whole genome or core genome of the strains. 

For Scoary, I used the pangenome of our dataset as computed by Roary228 and set the 

phenotypes as disease state (UTI vs ASB). The significance threshold was computed based 

on the average number of coding regions per strain. We found no single coding region that 

met our level of significance, which is in-line with the current literature (Figure 
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20)93,96,106,119,235. However, of note we found Ag43 and two DUF proteins approaching 

significance. Ag43 has previously been investigated in the context of UPEC and is important 

for pathogenesis but is not a definitive gene feature of the pathotype236,237. While no 

confirmed function has been assigned to either DUF1327 and DUF945, one report suggests 

DUF945 may be implicated in swimming motility in E. coli238.  

 
Figure 20: Scoary does not identify coding regions associated with UTI 
Scoary did not identify any coding regions significantly associated with the UTI phenotype. 
Each point represents a coding region, randomly sorted on the x-axis. The color of the point 
indicates odd’s ration and association with phenotype, where blue labels coding regions 
associated with ASB strains (OR<0), and yellow indicates association with UTI strains 
(OR>0). Blue dotted line indicates level of significance.  
 

I next used Kmers to determine if specific genetic variants either in coding or 

noncoding regions could be identified to discern the UTI phenotype. These included a GWAS 

using either the whole genomes or only the core genome as input. Specifically, we used the 

program DBGWAS49 to identify significant Kmers to distinguish UTI strains from ASB strains. 

With Kmers, we can identify genetic events more detailed than simple gene 

presence/absence, including SNPs, INDELs, or allelic variants. We applied DBGWAS with 
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corrections for population structure. We initially identified several potentially significant 

Kmers that associate with one phenotype (Figure 21). Upon further investigation, however, 

these Kmers were determined to be artifacts of short-read sequencing stemming from areas 

of low-coverage and highly redundant regions. This was identified as when a reference-

based approach was applied, the tRNA regions were no longer significant, and the assembly 

was fully resolved at these loci. Additionally, when using other external data that used the 

same methodologies (short-read sequencing, de novo assembly) for the GWAS, we found the 

same effects at different tRNA loci. Given that these tRNA regions were not fully resolved, 

appeared at the ends of contigs in the assemblies, and similar trends in independent data 

were found, we concluded that the tRNA regions are likely artifacts and false positives. 

 

Figure 21: mGWAS results from whole genome analysis 
GWAS results from whole genomes were aligned against the UTI89 genome. Dark blue 
dotted line indicates level of significance (p<3.4E-8). Orange points indicate associated with 
UTI strains, while blue indicates association with ASB strains. 
 

To overcome some of the limitations of short-read sequencing and given we have 

ascertained that changes in the accessory genome do not differentiate ASB and UTI strains, 
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we next applied a reference-based approach. This change increases the statistical power by 

reducing the number of Kmers tested, as the core genome only consists of ~3000 genes, 

compared to >40,000 genes in the pangenome. To accomplish this, we aligned all of our 

clinical isolates to UTI89 as a proxy for the core genome. As UTI89 is a B2 isolate, it is phylo-

matched to most of our isolates. Consensus sequences produced from the alignments were 

input into DBGWAS to identify significant Kmers, where I indeed found 16 significant Kmers 

across five loci to be associated with our phenotypes (Figure 22, p<3.48E-8). These five loci 

were further annotated as phoH, lnt, pitB, uxuR, and ygcS. Two of these loci, phoH and pitB, 

are affiliated with phosphate metabolism239,240. Lnt is required for lipoprotein formation241. 

UxuR regulates glucoronate metabolism, while YgcS is a predicted sugar transporter242,243. 

These loci are biologically significant given the bladder environment, and all suggest that 

differences in how E. coli is sensing or responding to it’s environment may play a role in how 

it perceived by the immune system or causes inflammation.  

While these genetic variants were found throughout the strains, no single variant was 

specifically associated with the UTI strains. Taken together, these GWAS data suggest an 

accumulation of variants across the core genome may contribute to pathogenic potential. I 

therefore sought to develop a methodology to utilize the variants identified in GWAS, but to 

assess the cumulative nature of the variants rather than as a traditional single acquisition 

event dictating the phenotype. 



76  

 

Figure 22: mGWAS results of core genome analysis 
Results from the mGWAS using the aligned, reference-based workflow. Each dot represents 
a Kmer. Orange dots are associated with the ASB phenotype, and blue are associated with 
the UTI phenotype. Dotted line indicates level of significance (p<3.4E-8). 
 
Polygenic Score Generation  

In other fields of genetics, a polygenic risk score can be calculated to predict an 

individual’s genetic predisposition to a particular phenotype244. This can be achieved by 

summating results across a GWAS and ultimately providing better resolution when smaller 

estimated effects are predicted, or multiple loci are involved. Building on this foundation, I 

developed a modified application of this approach to construct a polygenic score (PGS) for 

bacterial phenotypes. I hypothesized that numerous smaller core changes would result in a 

strain with greater pathogenic PGS and be more likely to have come from a patient with a 

symptomatic UTI. I also sought to determine if calculating a PGS could identify a coherent 

path to pathogenicity. I focused on the UTI phenotype due to the prevalence of external data 

with sufficient meta data for cross-validation purposes.  

When building the PGS, I selected Kmers from the core GWAS output (Figure 22) at 

four different P-value thresholds, P<0.1, P<0.05, P<0.01, and P<3.4E-8 (our level of 
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significance). While our GWAS results are phylogeny informed, I considered Kmers that 

might be in linkage disequilibrium with each other due to their proximity at a given locus. 

We calculated the deviation (D) and correlation coefficient (r2) between any two Kmers 

within the same locus using an adaptation of the equation from Hill and Robertson245. I 

calculated the PGS for all the strains using Kmers at three different thresholds for r2: 0.5, 

0.25, and 0.1  

The models built using the data produced in this study are summarized in Table 11. 

As the P-value and r2 values become more stringent, the number of Kmers going into the 

model decreases, as expected. Specific information such as what Kmers were in what model 

and their corresponding sequences are found in Appendix D. 

Table 11: Number of Kmers in Each PGS Model 

 

 

a Indicates level of significance 
 

I pulled external data across multiple studies (Table 12) to validate our polygenic 

model. I searched for the presence of the Kmers in the external strains at each level of 

stringency (P-value and r2 thresholds). I found that the least stringent model provided the 

best prediction between UTI and ASB groups (Figure 27). This could be due to insufficient 

variant input into the model at the more stringent values.  

Table 12: External data summary 

Dataset # ASB # UTI Year Location 
UMEA105 0 106 Collected 

1995, Seq 2013 
Sweden  

KTE233 0 48 Collected 
2009, Seq 2013 

Denmark 

MVAST231 39 0 Collected Minnesota 

 
P≤0.1 P≤0.05 P≤0.01 P≤3.4E-8a 

r2 ≤0.5  157* 116 93 50 

r2 ≤0.25  114 90 71 48 

r2 ≤0.1  91 74 61 48 
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2011, Seq 2020 
LtABU232 43 0 Collected 2018 Belgium 
KEOGE105 0 18 Collected 2005-

2006 
Denmark 

 
I assessed the phylogenetics of the external data to see how closely they resemble the 

VUTI cohort. Similar to the VUTI data, the majority of the external data classify into 

phylogroups B2 and D (Figure 23). It must be noted there is a higher prevalence of 

phylogroup A in the external data (14.5%) compared to the VUTIs (3.3%). This is due to the 

larger prevalence of phylogroup A in the external group. 

  
Figure 23: Phylogenetic tree of external data 
A maximum likelihood tree built from the SNPs in the core genome of 254 E. coli strains from 
five independent studies downloaded from NCBI with phylogroups colored. Image created 
by Andrew Boudoin. 
 

Interestingly, the model that fit our VUTI dataset best was at a P-value threshold of 
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0.05 and an r2 threshold of 0.25, with a total of 90 Kmers underscoring the model (Figure 

26). However, the only model capable of producing interpretable results based on the 

external data was the least stringent model (P≤0.1 and r2=0.5), consisting of a total of 157 

Kmers. This discrepancy between model thresholds could be reflective of the geographic and 

temporal differences between the datasets. While the dataset produced in this study is 

localized to a major US city over a time frame of 5-7 years, the external data is the result of 

five studies, across different countries and various time points spanning decades (Table 12). 

Additionally, the differences in phylogenetic group prevalence may be influencing this 

discrepancy. 

 

Figure 24: PGS Validation 
PGS validation was performed using genomes published across five different studies (Table 
12) from the models built using our data. A-F. Density curves were made to show PGS for 
the independent data. Graphs are stratified by r2 and P-values across the x-axis and y-axis 
respectively. Red curves indicate UTI strains, and blue indicate ASB. 
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Figure 25: The PGS has a multimodal distribution 
The PGS model with the most replicable results were at the least stringent thresholds for r2 
(0.5) and P-value (0.1). A. There is a larger density of ASB strains with low PGS compared to 
the UTI group. However, B. the UTI group shows higher levels of modality compared to the 
bimodal distribution of the ASB group, which may be indicative of clonal populations. 
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Figure 26: PGS of VUTI data 
A-L. Density curves of PGS models built from VUTI data. Graphs are stratified by r2 and P-
values across the x-axis and y-axis respectively. Red curves indicate UTI strains, and blue 
indicate ASB.  
 
Strain types reflected in PGS 

Unexpectedly, the external data produced a multimodal density curve (Figure 25). I 

wanted to further investigate what was driving this distribution. For the external strains, we 

assessed their phylogroup and sequence type. The mean PGS of the bottom 10% of strains at 

a P-value threshold of 0.1 and r2 threshold of 0.5 was -2.04 (Standard deviation 0.210). The 
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10% of strains with the highest PGS had a mean PGS of 1.60 (standard deviation 0.210). 

Generally, the strains with low PGS were strains from phylogroups more frequently 

associated with commensal E. coli strains, in particular phylogroup A. We found many of 

these A clade strains were specifically of ST10 background and clonal complex. However, 

there was also a group of B2 ST131 isolates from one study that clustered in this lowest 

decile. When we looked at the 10% of strains with the highest PGS, unsurprisingly we found 

that these strains tend to be from phylogroups with a large putative virulence factor 

repertoire, clades B2 and D (Figure 27). 

 

Figure 27: Phylogroup frequency by PGS decile 
The PGS of the VUTI strains (A.) and external data (B.) was sorted from lowest to highest. 
The phylogroup frequency for the strains in the 10% of strains with the lowest PGS (denoted 
at 0-10% on graphs) and highest 10% (denoted as 90-100% on graphs) were graphed. One 
decile for the VUTI dataset contained 73 strains, while each decile for the external dataset 
contained 27 strains. 
 

When we looked to see if this same stratification by strain background was reflected 

in our own VUTI dataset, we found that this was not the case. The mean PGS at a P-value 

threshold of 0.05 and r2 threshold of 0.25 at the bottom 10% of our strains was -2.5 (standard 

deviation 0.752). The 10% of strains with the highest PGS of our dataset had a mean of 0.79 

(standard deviation of 0.067). These deciles are notably lower compared to the external 
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dataset. We found the PGS was additionally not stratified by phylogroup nor MLST in our 

dataset. The overwhelming majority of both the highest and lowest scores came from strains 

with a B2 background. While this is unsurprising due to the prevalence of B2 in the dataset, 

it was an interesting contrast from the external dataset. Only 11 (15%) strains in the bottom 

10% of scores had phylogroups other than B2. B1, D, C, E, and F were represented in these 

11 strains. Of the strains with the highest PGS, nearly all were from phylogroup B2, where 

only two (2.7%) strains were from B1. Unlike the external data, phylogroups were spaced 

evenly among the deciles and followed no clear clustering. This discrepancy could be due to 

a number of factors including geographical and temporal differences as well as sampling 

biases or phenotyping of the ASB samples in the external dataset. An ASB diagnosis can be 

subjective and differ based on the doctor, institution, or presentation of the patient.  

Patient types reflected in PGS 

Based on the lack of phylogroup clustering in from our own dataset, we wanted to 

look more closely at the patient meta data associated with the strains from the highest and 

lowest deciles of the PGS to identify if UTI strains with a very low PGS might come from 

particularly high-risk patients. I assessed this by looking at how many diabetic, pregnant, 

immunocompromised, or structurally abnormal patients were colonized by a strain with one 

of the lowest PGS, compared to the number of patients with the same risk factors in the 

highest PGS decile. We found a nominal difference in high-risk patient prevalence between 

the lowest (13/73 patients) and the highest (18/73) PGS deciles. This slight increase in 

frequency in the highest decile may be due to these patients being at an increased risk of 

coming in contact with strains with higher pathogenic potential. These patients are more 

frequently prescribed antibiotics, have advanced age, or are frequenting healthcare settings, 
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putting them at increased risk of contracting these high-PGS strains.  

Genomic Variants Underlying the PGS 

I next wanted to know if a select set of genetic variants underscored the PGS as the 

model became more stringent. In the least stringent model (P-value < 0.1, r2≤0.5), I found 

157 Kmers across 33 loci. These loci primarily belong to ygcR, sdhB, rpoC, and iraD. The 

model that was best fit to the VUTI data set (p<0.05, r2≤0.25), consisted of 90 Kmers across 

the same 33 loci. Similarly, iraD and ygcR Kmers were highly prevalent in this model. The 

specific locus iraD was maintained as one of the most represented loci even as further 

filtering was applied, indicating that this locus is a key parameter in the model. 

The loci with Kmers with the lowest P-values were steadily prevalent even in the most 

stringent models, but because they were not quite as prevalent, it is possible that these 

Kmers constituted a higher impact or had less variation contributing to the phenotype. 

However, because the most stringent models are not predictive, there does not appear to be 

a clear path to pathogenicity. As the PGS was not informative after P<0.05, r2≤0.1, the 

variants identified in the VUTI dataset are not as widely extendable as necessary for a 

defined molecular signature, and thus I conclude that there is no signature to define the UPEC 

pathotype. Despite this, the model is still able to potentially inform where metabolic 

differences may lie between UTI and ASB.  

Heritability of Pathogenic Potential and Prediction Potential 

There is significant interaction between the bacterial pathogens and host immune 

system that will ultimately determine the symptomatology, and our PGS only uncovers the 

diverse nature of genomics of the bacteria. As I found no definitive set of genetic variants 

that underscore the UPEC pathotype, I next wanted to predict the heritability of pathogenic 
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potential to try to quantify the impact of bacterial genomics on symptom development. This 

was calculated using the Linear Mixed Model option on Pyseer, to determine narrow-sense 

heritability. Across the P-values tested (0.1-0.01), there was a range of h2 of 0.06-0.22 

(Figure 28A). These values indicate that specific variants only contribute to up to 22% of 

the trait variance, and the rest of the UTI phenotype is based on host-interactions. This 

heritability was not unexpected as we found no clear set of genetic features that could be 

generalized to the UTI strains. A highly heritable trait, such as AMR, would be expected to 

have an h2 of 0.9-0.99, because it is frequently due to a single variant or gene accession. A 

narrow-sense heritability of 22% indicates that much of the development of symptoms is 

due to interactions with the host, but genetics can “prime” a strain towards pathogenic 

potential. While we were not able to calculate a broad-sense heritability, covariance of the 

significant variance suggests that pathogenic potential could be higher than what is 

suggested in the narrow-sense, because the variants are often co-occurring (Figure 28B-E). 

Finally, despite the relatively low heritability of the phenotype, we wanted to apply 

logistic regression to the PGS to see if we could predict the patient phenotype. We trained 

the logistic regression model using the PGS built from the VUTI dataset, and used the external 

data as a test set, and plotted the receiver operator curve and calculated the area under the 

curve. We chose the PGS model of P<0.1 and r2=0.5 as this produced the largest range of PGS 

amongst the datasets and was the most statistically significant model for the external data. 

We were able to nominally improve the discrimination capacity of the logistic regression 

when using PGS to predict if the strain was associated with UTI-patients. We calculated an 

AUC of 0.59, which demonstrates bacterial genomics alone cannot be considered to define 

the UPEC phenotype (Figure 29). If the model produced an AUC over 0.8, it might suggest a 
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clear path to pathogenicity.  

 
Figure 28: Heritability and co-occurrence of Kmers 
A. Narrow-sense heritability was collected for all Kmers that surpassed the significance 
threshold (P<3.4E-8). Boxes for each locus show mean, and error bars show standard error. 
Kmers show some level of co-occurrence with others in the locus, indicating potential alleles 
for each gene: B. phoH, C. pitB, D. lnt, and E. iraD. White boxes indicate co-occurrence 
frequency of 100%. The darker the square, the less frequently the Kmers are found in the  
changes underscoring these complex phenotypes. 



87  

 

Figure 29: Logistic regression prediction of UTI from PGS 
A logistic regression was performed using PGS as variables to predict the patient phenotype 
(UTI or ASB). PGS calculated from p<0.1 and r2=0.5 were used. The model was trained using 
PGS from the VUTI data set and tested on the external data. The area under the curve was 
determined to be 0.59. 
 

Taken together, these data demonstrate that using bacterial genomics, independent 

of patient meta data, cannot predict if an individual bacteria strain came from a patient with 

a UTI or ASB. Overall, we found significant heterogeneity in strains that can cause UTI. While 

there are trends in the genomics of E. coli isolated from positive urine cultures, we found 

genomics is not sufficient to define UPEC as it pertains from discerning true pathogenic 

strains from benign urocolonizing strains. It is likely that other factors such as host factors, 

environment, stochastic variation, and spaciotemporal dynamics play a role in ultimately 

leading to the discernment between ASB and cystitis. 

4.4  Discussion 

Microbial GWAS methods have frequently been applied to clear genotype-phenotype 

situations, but here we present methodology for increased utility of mGWAS to applications 

in complex bacterial phenotypes. Previous analyses comparing UTI vs ASB-strains have 
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stopped at the level of gene presence. We have taken this analysis further by investigating 

whole genomes through the use of GWAS with Kmers. We developed a polygenic score to 

capture and quantify the cumulative nature of the lower effect-size variants identified in the 

GWAS. While I have shown UPEC does not have a singular genomic signature to differentiate 

it from other E. coli, we show that genetic variants in core genome regions can explain 

approximately 22% of the UTI phenotype. While this is unsurprising given the identified 

variants had higher P-values and lower estimated effects than would be expected for a clear 

genotype-phenotype relationship, we have also provided an additional tool to help quantify 

the cumulative genomic variants leading to complex bacterial phenotypes. Here, I provide a 

framework to extend the utility of mGWAS data. These methods include adaptations for 

Kmer presence and absence in the bacterial data and scoring of the complex trait. 

Given the diversity of pathogens, it is imperative to develop additional tools to better 

analyze the complex genomic landscape of these bacteria. Machine Learning and Artificial 

Intelligence is continually growing as novel tools to make genotype-phenotype correlations, 

but they are also frequently used in cases of predicting antimicrobial resistance234,246,247, 

metabolic pathways248, and host range249,250. Tool development in this space has focused on 

computationally efficient and interpretable results but are limited to being tested on highly 

heritable phenotypes57,58,246,251. However, GWAS has an extensive history and additional 

tools for making the most of GWAS data in eukaryotic genomics. Polygenic scores have 

previously been used once before with microbial genomics, but only for bacterial 

phenotypes252. However, PGS were suggested as being a useful tool in bacterial genomic 

predictions as early as 2016218. 

Complex phenotypes, such as host-associated phenotypes, are more recently being 
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investigated using various mGWAS and regression analyses58. Complex phenotypes 

frequently result in smaller effects of genetic variants that may underscore the phenotype, 

and thus only using GWAS to identify genomic drivers of phenotypes may not be the most 

robust analysis. Recent work in E. coli has shown that epistatic changes in virulence-

associated genes shape ExPEC virulence profiles in mice253, but heritability estimates still 

remain relatively low, around 65%.  Additionally, one other analysis has used a polygenic 

score to discern specific infection phenotypes but did not present statistics and mathematics 

to apply to other phenotypes252.  

Our study not only highlights the need for extended meta data with bacterial 

genomes, tool development for bacterial genotype-phenotype work, but also a need to 

investigate further core changes of opportunistic pathogens that might be understudied 

compared to canonical virulence factors. As more bacterial genomes and meta data become 

publicly available, tool development and validation for complex bacterial genomics is 

imperative.  

Taken together, this study provides a framework for incorporating a polygenic score 

with mGWAS methods for complex bacterial phenotypes when small effects are implicated. 

Overall phenotypic variability is a combination of genomic variation and environment 

variation. Here, we show how genetic variation alone is not enough to define the UPEC 

phenotype, but likely the outcome is due to a culmination of bacterial genomics, host factors, 

stochastic variation, and other dynamics.  

Limitations of the Study 

We acknowledge several limitations in our study. First, our retrospective analysis of 

the cohort through the electronic health records to determine ASB patients is limited to the 
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information captured by the physician seeing the patient. We can only discern, to the best of 

the information available, if the patient was asymptomatic at the time of the urine sample. 

Next, short-read sequencing can result in artifacts during some of the downstream genomic 

analyses. While we overcame some of this limitation through reference-based approaches, 

applying long-read sequencing techniques could further aid here. Next, our dataset is limited 

to a single healthcare system. While we specifically checked the sequence types in 

comparison to the reported global prevalence, these results may not be as broadly applicable 

to other geographic locations. Finally, this analysis was limited to genomics only, and does 

not capture epigenomic, transcriptomic, or metabolic differences between the strains. This 

limits the analyses to only what is encoded on the genome.  
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CONCLUSIONS AND FUTURE DIRECTIONS 

Here I have presented extensive genomics analyses of uropathogens as well as 

investigation of metabolic changes that happen at the host-pathogen interface. The studies 

in this dissertation highlight a need for better genomics of uropathogens to further 

understand their pathogenicity and to aid in the development of better diagnostics. UTIs are 

the most common bacterial infection in humans, with a diverse presentation clinically and 

microbially. Chapters III and IV delineate the genomics underscoring UPEC, as well as a 

framework for computational genomic analysis of complex bacterial phenotypes (modelled 

using UTI phenotypes). One issue impeding the validation of complex bacterial phenotypes, 

or expanded comparative genomics is the lack of meta data associated with deposited 

bacterial sequences. We found that host clinical presentation has a low level of heritability 

but is more dependent on the host interaction and other environmental factors to fully 

delineate a symptomatic UTI. This means while some strains may have a genomic 

predisposition to pathogenicity, there are many environmental factors that can influence the 

development of symptoms in the patient.This chapter details experiments that are ongoing 

and will serve as a road map for continuation of studies. 

The Role of Hypoxanthine in Inflammation in the Bladder During UTI 

While most of the work presented in this thesis is genomics or computationally 

focused, additional work can be done using other ‘omic methods to study changes in core 

metabolism. While genomics frequently underpins pathogenic phenotypes, gene expression 

and metabolites can also lead to phenotypic changes. Previous literature has established the 

importance of purine metabolism for UPEC in the context of the formation of intracellular 

bacterial communities (IBCs). Shaffer et al showed purine biosynthesis by UPEC is necessary 
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for intracellular expansion by the bacteria in in vivo studies using a murine model of UTI254. 

Additionally, Eberly et al. underscored purine metabolism as central for UPEC when 

analyzing metabolites produced by clinical isolates from cystitis patients compared to 

patients diagnosed with asymptomatic bacteriuria (ASB) in a pooled metabolomics 

experiment (9 clinical strains per group tested) (Figure 30A)74. In the previous manuscript, 

it was noted how metabolites produced within the purine cycle are found in differential 

abundances in the extracellular milieu. 

Hypoxanthine was more abundant in the extracellular space for all cystitis groups 

compared to ASB (Figure 30B). The purine analog, hypoxanthine, is a metabolite that can be 

both synthesized as well as salvaged by UPEC (Figure 30C). Synthesis occurs through the 

conversion of adenine, guanine, or inosine, or it can be salvaged from the environment 

through the transporters GhxP or GhxQ.  Both transporters are able to salvage with high 

affinity both hypoxanthine and guanine, and no other purines.  

Outside of the bacterial space, hypoxanthine is a substrate for the human enzyme 

xanthine oxidase (XO), where upon metabolism, uric acid, H2O2 and free radicals are 

produced as by products. This enzymatic reaction is implicated in other inflammatory 

disorders, particularly associated with epithelial cells in other parts of the body, such as the 

respiratory and cardiac systems255,256. In the gut, XO has been shown to increase the 

virulence of Shiga toxin producing E. coli and stimulate the production of virulence factors 

including Shiga toxin257. Further, XO has previously been investigated in the context of 

UTIs258. One study suggested that XO enzymatic activity could potentially be used as a 

molecular marker of UTI, as urine from patients with UTIs from UPEC had greater XO activity 

detected in their urine compared to patients without UTI.  
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Taken together, this leads to my hypothesis that hypoxanthine salvage may be a 

potential immune evasion mechanism employed by E. coli, as a way to subvert the 

production of inflammation in the bladder environment. I began work on this hypothesis by 

creating isogenic mutants of hypoxanthine salvage (UTI89ΔghxP, ΔghxQ, ΔghxPΔghxQ, Δhpt, 

ΔghxPΔghxQΔpurF).  
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Figure 30: Hypoxanthine is differentially abundant in ASB- and Cystitis-associated 
strains 
 A. Pooled metabolomics of groups of ASB or cystitis strains showed differentially abundant 
metabolites associated with purine metabolism and fatty acid metabolism. The red arrow 
indicates the row corresponding hypoxanthine. B. Extracellular hypoxanthine is found in 
greater abundance for the cystitis strain pools. C. Purine metabolism is an intricate cycle that 
can involve biosynthesis, as indicated at the top of the cell, or through salvage of purines 
through various transporters. Orange boxes indicate genes regulated by PurR. Red outlines 
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indicate genes involved in experiments throughout this chapter. Figure is adapted with 
permission from Eberly et al. Defining a Molecular Signature for Uropathogenic versus 
Urocolonizing E. coli: The Status of the Field and New Clinical Opportunities. 202074. 
 

The hypoxanthine isogenic mutant strains were tested for growth defects compared 

to the wildtype (WT) background. UTI89ΔpurF was used as a known control, deficient in 

purine biosynthesis254. I tested the growth of these hypoxanthine salvage mutants in LB, 

urine, and chemically defined media DMEM with or without hypoxanthine (Figure 31A-D). 

There was no significant difference between the strains in LB or urine (Figures 31A and 

31B). In the DMEM void of hypoxanthine (Figure 31C), as expected, the purine biosynthesis 

mutant, and the mutant deficient in purine biosynthesis as well as hypoxanthine salvage 

were unable to survive. Interestingly, the Δhpt strain, which is unable to breakdown 

hypoxanthine once it enters the bacteria for use in purine metabolism, seem to experience a 

metabolic shift around 6hrs, as seen in the change in growth rate and dip in the curve. When 

hypoxanthine (Hx) is supplemented back (DMEM + 100µM Hx), growth is restored in 

ΔghxPΔghxQ, indicating that these two transporters are responsible for bringing the majority 

of Hx into the cell (Figure 31D). The ΔghxPΔghxQΔpurF strain, unexpectedly experienced 

very slow growth over the course of the 8 hours, compared to no growth without the DMEM. 

This suggests that hypoxanthine is either getting into the cell through another transporter 

with very low affinity, or the hypoxanthine is being broken down into xanthine, which is then 

being shuttled into the bacteria via the xanthine transporters XanP and XanQ. 
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Figure 31: UPEC strains deficient in Hx transport cannot grow without Hx 
supplementation 
When grown in A. LB and B. Urine, all strains are able to grow similarly. In the defined media 
DMEM, without Hx supplementation C., the strains that cannot synthesize purines are unable 
to grow (ΔpurF and ΔghxPΔghxQΔpurF), and Δhpt which cannot breakdown hypoxanthine 
once in the cell, experiences a metabolic shift around 6hrs. With Hx supplementation D., 
ΔghxPΔghxQΔpurF grows slowly comparatively, and Δhpt has a shift in growth indicative of 
a metabolic shift, starting at the 6hr point. N=3 biological reps. 
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Figure 32: In vitro infection with UPEC 
HTB9 bladder cells were infected with various E. coli strains, including UTI89 and the clinical 
ASB strain VUTI139. Deletions of the hypoxanthine transporters GhxP and GhxQ still allowed 
for intracellular protection from gentamycin protection. Deletion of GhxP from VUTI139 
displayed a decrease in gentamycin-protected bacteria compared to the WT. 
 

After confirming that the bacteria were able to become intracellular (Figure 32), we 

utilized the hypoxanthine mutants in an acute murine experiment. Approximately 107 

bacteria were instilled into the bladder of 6-8 week old female C3H/HeN mice. After 24 hours 

of infection, the mice were humanely euthanized and bacterial burdens of the kidneys and 

bladders were assessed. In the bladders, we saw no statistical difference between the 

hypoxanthine mutants (Figure 33A). However, in the kidneys, we saw an increased bacterial 

burden in UTI89ΔghxP, UTI89ΔghxPΔghxQ, and UTI89Δhpt::Kan strains (Figure 33B). These 

data suggest that hypoxanthine salvage may provide protection in vivo, as when biosynthesis 

is implicated, there is greater pathogenicity of the bacteria. It is possible we only see this 

increased bacterial burden in the kidneys due to bacteria staying in the bladder lumen, 

rather than going intracellularly. 
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Figure 33: Hx salvage mutants show increased burdens in the kidneys in vivo 
Hx salvage mutants exhibit increased bacterial burdens in the kidneys after 24hrs of 
infection. A. Bladder bacterial burdens do not exhibit any significant differences between 
strains. B. ΔghxP, ΔghxPΔghxQ, and Δhpt::Kan colonize the kidneys at a significantly higher 
burden compared to WT. n=10 mice, Mann-Whitney test, P<0.05. 
 

This work has laid the foundation for several experiments to further address 

metabolic differences between cystitis and ASB strains. . First, while we were unable to do 

transcriptomics at the time for these strains, this would be a natural first step, to identify 

what purine genes may be differentially regulated when grown ex vivo in urine. Based on the 

above data, I would expect genes involved in hypoxanthine salvage to be upregulated in ASB 

strains. 

My previous murine experiment was carried out using the E. coli strain UTI89 

background, but since the original murine experiments were conducted, additional isogenic 

mutants have been made in two different ASB clinical strain backgrounds, VUTI139 and 

VUTI170. These two strains were chosen because they were used in a pilot study in Eberly 

et al126, where VUTI139 was found to be a poor colonizer of the mouse bladders, while 
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VUTI170 was able to colonize robustly, at similar burdens to UTI89. Thus, these strains can 

be used in murine experiments as well, where I predict VUTI139ΔghxPΔghxQ, which as WT 

was previously not able to colonize the bladders, will now be able to colonize. 

Finally, if XO activity is linked to higher levels of inflammation during a UTI, one 

would expect treatment with an XO inhibitor would alleviate the symptoms and resulting 

pathology. I propose treating the mice ahead of infection and during the time of infection 

with allopurinol to see if immune cell recruitment and pro-inflammatory markers are 

reduced. This could be measured through cytokine profiling as well as immune cell profiling 

either by flow cytometry or PMN analysis from the urine. Because XO produces ROS while 

metabolizing hypoxanthine, I propose using microscopy to stain for ROS production in the 

bladders, such as using CellROX reagents. This might provide spatial relation to the bacteria 

within the bladder and where XO may be impacting the bacteria. 

 
Taken together, these potential experiments would further expand on the 

preliminary work I completed in relation to further characterizing how purine metabolism 

is implicated during UTI. 

Strain-to-Strain Interactions Amongst Urinary E. coli Isolates  

It is well established that UTIs are caused by the diverse bacteria E. coli. Patients can 

be colonized by more than one strain of E. coli capable of causing UTIs. A previous study 

suggested that host restriction of rUTI occurs in a strain-specific manner259. From other rUTI 

studies, we know that some recurrent infections are caused by the same strain that was 

responsible for the initial infection84,260,261. However, in some patients, the recurrent 

infection is a completely different strain of E. coli, which can also overtake the previously 

existing gut reservoir as well84. Recent studies have found that the gut microbiome 
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underscores rUTI in many women, where there is a level of dysbiosis that women suffering 

from UTI exhibit262. While as a field, we have established the genomic diversity of strains 

underscoring UTIs, and the influence of gut microbiota on rUTI, how strain interactions may 

influence disease outcome remains unknown. I hypothesize that strain dynamics for 

infection may rely on gut microbiome interactions. To investigate this, I propose 1. Assessing 

if strain background governs strain-to-strain competition, 2. Investigating how gut 

microbiome influences strain-to-strain competition, and 3. Elucidating how the gut-bladder 

axis is implicated in rUTI when there are established strains.  

In the work above for purine metabolism at the host-pathogen interface, I have 

established methods for effective genetic manipulation of clinical UPEC strains. Utilizing this 

strategy, we could fluorescently tag or genetically barcode strains to track and visualize their 

dynamics in vitro or in vivo. To assess how strain background contributes to competition of 

strains, I would select strains from each phylogroup, and in a pairwise manner, perform 

competition assays in a variety of conditions: pooled human urine in hypoxic conditions, in 

bladder epithelial cell culture, and in an in vivo murine model. In the cell culture and murine 

model, we could use fluorescently tagged cells and advanced microscopy techniques to 

analyze intracellular bacterial community formation, as well as spatial dynamics between 

the two strains within the bladder lumen or culture. In the in vitro assays, it could also be 

tested if competition is contact-dependent by using trans-wells to separate the two 

competing strains. If there is a secreted factor that impacts the interactions between the two 

strains, the trans-well system would help discern this. Transcriptomics and proteomics can 

be used to understand what genes or gene products may be driving the competition 

dynamics between strain backgrounds. In the in vivo model, I would use immune profiling to 
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see how the immune system may additionally be contributing to the competition outcomes 

by looking at PMN recruitment and cytokine profiles.  

To investigate microbiome effects on strain competition, I propose using germ-free 

and WT mice and using an oral gavage method to inoculate the mice with pairs of tagged 

strains263. By assessing the fecal and urine burdens of the orally gavaged mice over the span 

of a chronic infection model (28 days)111,264,265, I would track how the competing strains’ may 

colonize the gut and bladders. I would expect if the gut microbiome played a role in strain 

competition, that the germ-free mice would have little competition between the input strains 

compared to the WT mice with developed microbiomes. This could also be changed by using 

defined-microbiomes to establish in germ-free mice to test if specific gut microbiome 

inhabitants change the competition dynamics.  

In these proposed studies, we would be able to determine how strain diversity may 

be implicated in strain-to-strain competition in a UTI model, and how gut microbiome 

interactions may shape these outcomes. 

Evolution of UPEC in Physiologically Relevant Niches 

UPEC is able to sustainably survive in multiple physiological niches, each with unique 

survival pressures. To begin its lifespan, UPEC is ingested and resides in the gut as a 

commensal. In the gut niche, it is exposed to magnitudes of other bacteria with whom it will 

compete for resources and space but will also serve as a fertile ground for horizontal gene 

transfer opportunities. The gut environment is nutrient rich including in glucose, amino 

acids, and secondary metabolites, but has very little oxygen and is anaerobic. As the bacteria 

exits the gut environment, it can take up residence in the vagina as well as continue into the 

bladder. In the bladder, there is approximately 4% oxygen (23-50mmHg) where bacteria are 
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switched to aerobic respiration. Urine is nutritionally limited, but is rich in amino acids, 

which are the primary source of nitrogen for UPEC to use for energy. Here, the bacteria are 

not competing as much as in the gut with other microorganisms as there is lower biomass in 

the bladder. In the vagina, there is even less oxygen, and glycogen is the primary source of 

carbon from mucin specifically.  

Given the variety of niches that UPEC can colonize for extended periods of time and 

the high rate of recurrent infections, it raises the question of what evolutionary pressures 

are present in each of the given niches, and how might they impact development of more 

pathogenic or attenuated strains. My work in Chapter III has shown that mobile genetic 

elements are not more prevalent in UPEC strains rather than urocolonizing (ASB) strains, 

which suggests horizontal gene transfer in the gut environment is not a source for 

uropathogenic features in UPEC. In Chapter IV I delineated how changes in core metabolic 

regions may underscore some level of heritability of uropathogenicity. While we did not see 

signs of these changes being clonal, it raises the question of where these variants arise from. 

I propose that the different reservoirs for UPEC might exhibit varying evolutionary 

pressures on the bacteria and may lead to the development of metabolism gene variants.  To 

investigate this, I propose to: 1. Investigate how UPEC strains evolve in the bladder, 2. 

Delineate mutations that evolve from UPEC gut colonization, and 3. Characterize UPEC 

mutations that arise from vaginal colonization. For all of these studies, I propose using 

chronic murine models of UTI and to do whole genome sequencing periodically on isolated 

UPEC. 

For the gut colonization, I propose using an oral gavage method263, in both traditional 

C3H/HeN mice and germ-free mice and taking fecal samples every 5 days to track how the 
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strains may be evolving over time. By using a germ-free mouse model, I would be able to see 

how gut microbiome may influence the evolution of the strains across this period. If there 

are significant differences between the germ-free and traditional mice background 

infections, I would use shotgun metagenomics to see what is in the gut of the mice. I could 

instill a mock-microbiome into a germ-free background to see if common gut microbes 

specifically influence the evolution of UPEC in the gut.  

In the bladder evolution, there are two ways that this could be investigated. One way 

we have started the data collection is by passaging UPEC isolated from the homogenized 

bladders of mice acutely infected. The mouse with the highest bacterial burden in their 

bladder, a single colony was prepared in overnight culture, and frozen down for passage. The 

next infection done was prepared from that previously frozen sample. This will be repeated 

10 times before whole genome sequencing. We could also look at the bacteria from urine of 

mice during a chronic UTI model, however, this could be potentially convoluted as we would 

expect to see gut colonization from the UPEC strain given the habits of mice to clean and 

consume their waste. In tandem, the lab of Dr. Megan Behringer at Vanderbilt University is 

performing experimental evolution studies in a novel glass bladder with synthetic urine. 

Using the data found by her lab will allow us to determine what evolution with host 

pressures may differ from evolutionary pressures of the media (urine).  

Finally, we could look at evolutionary pressures of the vaginal environment on UPEC 

by using a vaginal instillation model. I would take regular vaginal swabs over the course of 

28 days and then perform whole genome sequencing on the bacteria. Like the bladder 

experiments, we could use an experimental evolution approach as well and passage UPEC in 

synthetic vaginal mucus media and sequence on regular intervals. One limitation of this 
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study would be that mice have a different vaginal microbiome compared to humans, and 

their vagina also remains at a different pH than the normal human vagina. This would have 

to be kept in mind while interpreting results, but it would provide a basis of how the vaginal 

space may influence evolution of UPEC. 

With all of the sequencing experiments, we would be able to see if genome expansion 

or compression is occurring, addition of mobile elements from other bacteria in the 

environment, and any genomic variations that are arising over the course of the infection. 

Taken together, these data would help determine how various niches that UPEC live in may 

influence the evolution of their genome dynamics and contribute to the striking genome 

diversity seen in these strains. 

Investigating Uropathogens and Urobiome in Gender and Sexual Minorities 

Two reasons that women have a higher rate of UTIs compared to men is the length of 

the urethra and the presence of estrogen in the urogenital tract. Some women, when they 

reach menopause, require a prescription of vaginal estrogen to prevent recurrent UTIs  and 

to improve lower urinary tract symptoms (LUTS).  Gender and Sexual Minorities are people 

who may not be cis-identifying or heterosexual and are a population that is prescribed the 

use of hormone replacement therapy and potentially undergo gender-affirming surgeries. 

Outside of the guidance of a physician, this patient population might self-medicate hormone 

therapy. In the LGBTQ+ community, individuals anecdotally report that gender diverse 

people may experience more UTIs when upon beginning hormone replacement therapy 

(HRT)266.  However, there are very few studies to validate this. One such study found that 

trans-women had significantly more risk of developing UTI after vaginoplasty compared to 

age-matched cis-women267. The study cites potential reasons for this being lack of 
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commensal Lactobacillus species in the neovagina, post-surgery hygiene, and the need for 

dilators introducing non-native bacteria to the urogenital tract. In addition to lack of 

epidemiological studies about prevalence of UTIs in gender and sexual minorities, very little 

is known about how HRT in these individuals might drive selection of uropathogens as well 

as how it could impact pathogenicity of the uropathogens. There is evidence from post-

menopausal women that vaginal estrogen reduces rUTI and that estrogen plays a role in the 

immune response to UTIs.  

However, there remain many questions in this space, of which answering will lead to 

more equitable healthcare and close a gap for a greatly understudied patient population. It 

is also important to note that the proposed studies will likely require collaborators out of 

state to build enough statistical power and to ensure protection of the vulnerable patient 

population involved. To fill the gaps in understanding uropathogens in gender and sexually 

diverse people, I propose: 1. Evaluate uropathogen prevalence in gender and sexual 

minorities. 2. Define the urobiome make up of gender and sexual minorities 3. Investigate 

the effects of HRT on UPEC pathogenicity. 

To do this, I would propose working with gender affirming clinics to target this 

understudied population. I would like to assess the prevalence of UTIs in this population 

before and after gender affirming treatments or surgeries at an epidemiologic level. Within 

this, I would specifically like to biobank the bacteria that cause their UTIs as well. If I could 

not collect data before treatments, having the prevalence of uropathogens at any stage of 

their treatment will be valuable data. I predict that patients who undergo gender affirming 

surgery may experience UTIs caused by bacteria other than UPEC due to the changing nature 

of their urogenital tract, hormones, and overall changes of care. But we do not have enough 
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data as it stands now to draw any conclusions about this. 

In the past decade, much work has established that a urobiome exists and that urine 

is not sterile. More recent work in development is working to define how the urobiome 

changes throughout the lifespan and how urobiome inhabitants may interact with 

uropathogens. Because gender and sexual minorities experience significant hormone 

changes and can undergo surgeries of the urogenital tracts, it is unknown how these 

significant perturbations may impact the urobiome. I propose collecting clean-catch or 

catheterized samples (under anesthesia during surgery) to investigate the urobiome of these 

patients before, during recovery, and after treatments. Treatments in this case would include 

before and after HRT or gender affirming surgery. This data will also provide insight as to 

how changes in hormones shape the urobiome and could benefit cis-presenting people. 

As vaginal estrogen is already used in post-menopausal women, this indicates that 

sex hormones are implicated in the pathogenicity of UPEC. In gender diverse patients who 

undergo HRT, this could cause distressing symptoms and may contribute to the unvalidated 

evidence that these patients experience more UTI than before HRT. I propose using a defined 

murine model for gender affirming HRT in C57BL/6NHsd male mice268, but it could be 

possible to adapt this model within the background used for UTI studies presently, 

C3H/HeN264.  I would use a chronic model for UTI to see how UPEC may differ in establishing 

infection and resolution of infection after HRT265. I hypothesize that with estrogen treatment, 

the mice will have epithelial changes in the bladder that will lead to greater bacterial burdens 

and increased inflammatory markers. I predict that these mice may resolve at a lower rate 

compared to WT mice. 

Taken together, these proposed aims would help close a gap in an understudied 
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population and provide critical insight to hormonal changes impacting urobiome and 

uropathogenicity.  
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APPENDIX 
Appendix A 

SEQUENCED VANDERBILT URINARY TRACT ISOLATE DATABASE 

In accordance with IRB # 151465, E. coli positive urine cultures were collected as 

derivatives of care from the Vanderbilt University Medical Center clinical microbiology labs 

through MicroVU. VUTI isolates #113-415 were collected in 2018 as part of a previous effort. 

Additional isolates were collected by me and Hamilton Green to continue to expand the 

dataset. The urology fellows working in the Hadjifrangiskou lab during this time-period, 

including Drs. Benjamin Abelson and Viktor Flores, were instrumental in the de-

identification and chart review of these isolates. Collection of plates and associated meta data 

for each sample was provided by the MicroVU technicians Sara Bowen and Timothy 

Williams. Support from Dr. Benjamin Abelson and MSTP student Seth Reasoner was critical 

for accomplishing the in-house sequencing for the isolates. The following table includes only 

the 739 isolates that were used in Chapter III and IV, but the VUTI database now 

encompasses approximately 1500 E. coli strains. All sequencing data can be found in NCBI 

BioProject PRJNA819016. 
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VUTI 
Strain 

Genome 
size 

(Mb) 

Phylogrp MLST O Type H Type Sex Age 
Bin 

Clinical 
Dx 

Collection 
Method 

Pregnant Diabetes Structural 
Abnormality 

Immun
e Comp. 

Associated 
infections 

113 5.27 D 38 O1 H15 F 18-35 cystitis Clean Catch N N N N None 

116 5.04 B2 73 - H1 F 71-80 cystitis Clean Catch N N Y N None 

117 4.96 B2 131 O16 H5 F 18-35 cystitis Clean Catch N N N N None 

118 5.25 B2 131 O25 H4 F 51-60 cystitis Clean Catch N Y N N None 

119 5.01 B2 2015 O2 H14 F 71-80 cystitis Clean Catch N N Y N None 

120 5.11 F 648 O2/O50 H42 F 36-50 cystitis Clean Catch N Y N N None 

121 5.00 B2 1193 - H5 F 18-35 ASB Clean Catch Y N N N None 

122 5.01 B2 127 O6 H31 F 61-70 ASB Clean Catch N N Y N None 

125 5.17 F 62 O7 H45 F 18-35 cystitis Clean Catch N N N N None 

126 4.98 B1 2521 O65 H16 F 18-35 cystitis Clean Catch N N N N None 

127 5.07 B2 1193 O75 H5 F 51-60 ASB Clean Catch N Y N N None 

128 5.21 B2 95 O1 H7 F 71-80 cystitis Clean Catch N Y N N None 

129 4.97 B2 127 O6 H31 F 18-35 cystitis Clean Catch N N N N None 

131 5.15 A 399 O125 H30 F 61-70 cystitis Clean Catch N N Y N None 

132 4.64 B2 1877 O145 H34 F 61-70 ASB Clean Catch N Y N N None 

133 5.20 B2 73 O2/O50 H1 F 36-50 ASB Clean Catch N Y N N None 

134 5.25 D 38 O86 H18 F 61-70 cystitis Clean Catch N N Y N None 

135 4.70 B1 6559 O82 H8 F 51-60 cystitis Clean Catch N N N N None 

137 5.43 F 6630 O1 H33 F 61-70 ASB Clean Catch N N Y N None 

139 5.37 B2 131 O25 H4 F 36-50 ASB Clean Catch N N N N None 

140 5.11 B2 131 O25 H4 F 61-70 ASB Clean Catch N 0 Y Y None 

141 5.12 B2 131 O25 H4 M 81+ Cystitis Clean Catch N N Y N None 

142 4.65 A 216 O3 H4 F 71-80 ASB Clean Catch N N N N None 

143 5.29 B2 131 O25 H4 F 51-60 Cystitis Clean Catch N N Y N None 

145 5.17 B2 80 O2/O50 H7 F 18-35 cystitis Clean Catch N N N N None 

146 5.18 B2 73 O22 H1 F 36-50 cystitis Foley N N Y N None 

148 4.60 B1 164 - H8 F 18-35 cystitis Straight 
Catheter 

Y N Y N None 
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149 5.13 B2 131 O25 H4 F 61-70 cystitis Clean Catch N N Y N None 

151 5.21 B2 1193 O75 H5 F 18-35 ASB Clean Catch N N N N None 

152 5.07 B2 12 O21 H5 F 51-60 cystitis Clean Catch N N N N None 

153 4.91 B2 131 O16 H5 F 71-80 ASB Clean Catch N N N N None 

156 4.75 B2 135 O83 H1 F 61-70 ASB Clean Catch N N Y N None 

157 5.16 B2 95 O2/O50 H7 F 18-35 cystitis Clean Catch N N Y N 0 

158 4.81 B2 676 O16 H5 M 71-80 ASB Clean Catch N Y Y N None 

161 5.07 B2 73 O22 H1 F 18-35 ASB Clean Catch N N N N None 

163 4.96 B2 73 O6 H1 F 36-50 cystitis Clean Catch N N N N None 

164 5.16 B2 131 O25 H4 F 18-35 cystitis Clean Catch N N N N None 

166 5.07 B2 131 O25 H4 M 36-50 ASB Straight 
Catheter 

N Y Y N 0 

168 4.71 B1 6422 O82 H8 F 36-50 cystitis Clean Catch N N N N None 

170 5.32 B2 1735 O6 H1 F 36-50 ASB Clean Catch N N N N None 

171 5.00 B1 453 O23 H16 F 51-60 Cystitis Clean Catch N N Y N None 

172 4.84 D 349 O166 H15 F 18-35 cystitis Clean Catch N N N N None 

173 4.86 D 349 O86 H2 F 18-35 Cystitis Clean Catch N N Y N None 

174 5.17 B2 404 O75 H5 F 51-60 cystitis Foley N N N N None 

176 4.86 B1 1431 O8 H19 F 71-80 ASB Clean Catch N N Y N None 

177 5.06 B2 9264 O1 H7 M 51-60 ASB Clean Catch N N N N None 

178 5.05 B2 131 O25 H4 M 51-60 ASB Straight 
Catheter 

N N Y N None 

179 5.09 B2 131 O25 H4 F 71-80 ASB Clean Catch N Y N N None 

180 5.08 B2 Novel O4 H5 F 36-50 cystitis Clean Catch N N N N None 

182 4.92 E 12928 O110 H28 F 36-50 cystitis Clean Catch N N N N None 

183 5.03 B2 131 O16 H5 F 51-60 ASB Clean Catch N N N N None 

184 5.10 B2 73 O6 H1 M 36-50 cystitis Clean Catch N N N N 0 

188 5.30 D 69 O77/O17/O
44/O106/O7
3 

H18 F 18-35 cystitis Clean Catch N N N N None 

189 5.07 B2 131 O25 H4 F 71-80 cystitis Clean Catch N N Y N 0 
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190 4.80 C 13252 O8 H9 F 71-80 ASB Clean Catch N N N N None 

193 5.08 B2 127 O6 H31 F 18-35 cystitis Clean Catch N N N N None 

194 5.06 B2 127 O6 H31 F 18-35 cystitis Clean Catch N N N N None 

195 4.71 B2 676 O16 H5 F 81+ ASB Clean Catch N N N Y None 

198 4.92 B2 357 O13/O135 H4 F 18-35 cystitis Clean Catch N N N N None 

200 4.79 B2 7804 O8 H10 M 61-70 Cystitis Clean Catch N N Y N None 

201 5.10 B2 131 O25 H4 F 51-60 Cystitis Clean Catch N Y Y N None 

202 5.18 B2 3329 O25 H4 F 51-60 cystitis Foley N N Y N None 

204 5.10 B2 1859 O99 H6 F 51-60 cystitis Clean Catch N N N N None 

207 5.11 B2 73 O25 H1 F 36-50 cystitis Clean Catch N N N N None 

211 4.85 B2 357 O13/O135 H4 F 61-70 Cystitis Clean Catch N Y N N None 

213 4.63 B2 6633 O113 H5 F 71-80 cystitis Clean Catch N N N N None 

215 5.26 A Novel O8 H14 F 61-70 cystitis Clean Catch N N N N None 

217 4.83 B2 420 O46 H31 F 18-35 cystitis Clean Catch N N N N None 

219 4.96 B2 420 O46 H31 F 18-35 ASB Clean Catch N N N N None 

223 4.84 B1 2248 O78 H49 F 18-35 cystitis Clean Catch N N N N None 

224 5.01 B2 998 O2 H6 F 36-50 cystitis Clean Catch N N N N None 

227 5.08 B2 127 O6 H31 F 18-35 ASB Clean Catch Y N N N None 

230 4.67 B2 104 O120 H1 F 61-70 cystitis Clean Catch N N N N None 

231 5.19 B2 544 O4 H5 F 71-80 ASB Clean Catch N N N N None 

232 5.10 B2 73 O6 H1 F 51-60 cystitis Clean Catch N N N N None 

235 5.02 B2 404 O75 H5 F 36-50 ASB Clean Catch Y N N N None 

236 5.16 B2 73 O2/O50 H1 F 61-70 Cystitis Clean Catch N N N N None 

237 5.11 B2 131 O25 H4 F 71-80 cystitis Clean Catch N N N N None 

238 5.22 B2 73 O6 H1 F 71-80 Cystitis Clean Catch N N Y N None 

239 5.15 B2 131 O25 H4 F 18-35 cystitis Clean Catch N N N N None 

241 5.17 B1 297 - H8 F 71-80 ASB Clean Catch N N Y N None 

243 5.25 F 59 O1 H7 F 51-60 ASB Clean Catch N N Y Y None 

244 4.93 A 10 O71 H12 F 61-70 cystitis Clean Catch N N N N None 
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245 5.15 B2 681 O9 H5 F 81+ ASB Straight 
Catheter 

N Y Y N None 

246 5.15 B2 544 O4 H5 F 18-35 ASB Clean Catch Y N N N None 

249 4.80 B1 388 O112 H35 F 71-80 cystitis Clean Catch N N N N None 

250 5.14 B2 404 O75 H5 F 18-35 Cystitis Clean Catch N N Y N None 

253 5.11 B2 131 O25 H4 F 61-70 ASB Straight 
Catheter 

N N Y N None 

255 5.17 F 59 O1 H7 M 61-70 ASB Unclear N N Y N None 

257 5.04 B2 127 O6 H31 F 61-70 ASB Clean Catch N Y Y N None 

259 5.12 B2 95 O2/O50 H7 F 61-70 ASB Clean Catch N N N N None 

262 4.88 B2 131 O16 H5 M 71-80 ASB Clean Catch N Y Y N None 

263 4.89 B1 7231 O32/O8 H10 F 71-80  cystitis Clean Catch N N N N None 

264 5.20 B2 73 O2/O50 H1 F 18-35 cystitis Clean Catch N N N N None 

265 5.05 B2 95 O18 H7 F 61-70 cystitis Clean Catch N N N N None 

266 5.29 D 69 O153 H2 F 18-35 cystitis Clean Catch N N N N None 

269 5.24 B1 4088 - H7 F 36-50 ASB Clean Catch N N N N None 

270 4.63 B1 86 O86 H10 F 36-50 cystitis Clean Catch N N N N None 

272 5.08 B2 131 - H4 F 81+ cystitis Clean Catch N N N N None 

273 5.07 B2 131 O25 H4 F 36-50 ASB Clean Catch N N Y N None 

274 4.89 D 349 O166 H15 F 18-35 ASB Clean Catch N N Y Y None 

276 4.78 B2 420 O46 H31 F 71-80 ASB Clean Catch N Y Y Y None 

277 5.24 B2 131 O25 H4 F 61-70 cystitis Foley N N Y N 0 

278 5.16 B2 1193 O75 H5 F 81+ ASB Clean Catch N N Y N None 

279 5.00 B2 131 O25 H4 F 61-70 ASB Clean Catch N Y N N None 

280 5.11 B2 73 O25 H1 F 36-50 ASB Clean Catch N N N N None 

282 4.79 B1 2509 O81 H23 F 36-50 cystitis Clean Catch N N Y N None 

285 4.65 B1 1737 O22 H16 F 81+ ASB Clean Catch N N N N None 

286 5.25 D 69 O77/O17/O
44/O106/O7
3 

H18 F 51-60 cystitis Clean Catch N N N N None 

287 5.30 B2 73 O6 H1 F 61-70 cystitis Clean Catch N N N Y 0 
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288 5.09 B2 73 O6 H1 F 51-60 cystitis Clean Catch N N N N None 

289 5.08 B2 131 O25 H4 F 51-60 ASB Clean Catch N N Y N None 

290 5.01 B2 2015 O2 H14 F 51-60 cystitis Clean Catch N N N N None 

291 4.77 A 10 O9 - M 71-80 ASB Clean Catch N N Y N None 

292 5.02 D 70 - H15 F 18-35 ASB Clean Catch Y N N N None 

293 4.97 B2 73 O22 H1 M 61-70 Cystitis Clean Catch N N N N None 

295 4.93 B2 131 O25 H4 F 61-70 ASB Clean Catch N Y N N None 

298 4.92 B1 1665 O162/O101 H7 F 81+ ASB Unclear N N N N None 

300 5.03 B2 998 O2 H6 F 71-80 cystitis Clean Catch N N N N None 

301 4.70 B2 1236 O62 H5 F 61-70 cystitis Clean Catch N Y Y N 0 

302 5.07 B2 95 O2/O50 H7 F 18-35 ASB Clean Catch N N N N None 

307 5.26 F 2618 O1 H7 F 61-70 cystitis Clean Catch N N N N None 

312 5.00 B2 73 O6 H1 F 18-35 cystitis Clean Catch N N N N None 

313 5.18 D 69 O77/O17/O
44/O106/O7
3 

H18 F 51-60 ASB Clean Catch N N N N None 

314 4.74 B2 420 O46 H31 F 18-35 cystitis Clean Catch N N N N None 

315 5.05 B2 131 O25 H4 F 18-35 ASB Straight 
Catheter 

N N Y N None 

316 5.18 B2 681 O8 H10 F 36-50 cystitis Clean Catch N N N N None 

317 5.25 D 69 O15 H6 F 51-60 cystitis Clean Catch N N N N None 

318 5.08 B2 95 O2/O50 H7 F 81+ ASB Unclear N N N N None 

319 5.22 D 69 O77/O17/O
44/O106/O7
3 

H18 F 18-35 ASB Clean Catch Y N N N None 

320 4.81 D 2200 O51 H1 F 81+ cystitis Clean Catch N Y N N None 

321 4.96 B1 4385 O25 H19 F 71-80 cystitis Clean Catch N N Y N 0 

324 4.97 B2 5292 O117/O107 H7 F 18-35 ASB Unclear N N N N None 

325 5.10 B2 131 O25 H4 F 71-80 cystitis Straight 
Catheter 

N N N N None 

326 4.92 B2 95 O2/O50 H4 F 71-80 ASB Clean Catch N Y Y N None 

327 5.36 D 38 O1 H15 F 81+ cystitis Clean Catch N N Y N 0 
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328 4.99 B2 131 O25 H4 F 36-50 ASB Clean Catch N N Y N None 

332 5.12 B2 131 O25 H4 F 36-50 ASB Clean Catch N N Y Y None 

333 5.12 B2 1193 O75 H5 F 18-35 cystitis Clean Catch N N N N None 

334 4.91 D 5662 O158 H23 F 61-70 ASB Clean Catch N N Y N None 

335 5.11 B2 131 O25 H4 F 51-60 cystitis Clean Catch N N N N None 

337 4.82 E 2792 O160 H23 F 71-80 cystitis Clean Catch N N N N None 

338 4.74 B2 420 O46 H31 F 51-60 cystitis Clean Catch N N Y N None 

340 4.75 B1 711 O45 H10 F 71-80 cystitis Clean Catch N N Y Y 0 

342 4.86 B1 1844 O8 H49 F 18-35 cystitis Clean Catch N N N N 0 

343 4.94 A 10 - H10 F 18-35 Cystitis Clean Catch N N Y N None 

344 4.73 B2 372 O18 H31 F 18-35 ASB Clean Catch Y N N N None 

347 5.41 D 405 O102 H6 F 81+ cystitis Clean Catch N N Y N 0 

349 5.23 B2 131 O25 H4 M 81+ cystitis Clean Catch N Y Y N None 

350 4.96 B1 3570 O86 H27 F 81+ ASB Unclear N Y Y N None 

351 5.11 B2 127 O6 H31 F 81+ ASB Clean Catch N N N N None 

352 4.66 A 746 O124/O164 H44 F 61-70 ASB Unclear N N Y N None 

353 5.02 B2 131 O25 H4 F 71-80 cystitis Clean Catch N N N N None 

360 5.00 D 1670 O23 H45 M 61-70 cystitis Straight 
Catheter 

N N Y N 0 

364 4.97 B2 127 O6 H31 M 61-70 cystitis Clean Catch N Y N N None 

366 5.16 B2 80 O75 H7 F 36-50 cystitis Clean Catch N N N N None 

368 5.06 B2 131 O25 H4 F 51-60 Cystitis Clean Catch N Y N N None 

369 5.03 B1 297 O45 H14 F 81+ ASB Unclear N Y Y N None 

371 5.29 D 38 O86 H18 F 36-50 cystitis Clean Catch N N N N None 

372 5.12 B2 131 O25 H4 F 18-35 ASB Unclear N N N N None 

377 4.94 B2 969 O6 H7 F 51-60 cystitis Clean Catch N N Y N None 

378 5.16 B2 404 O75 H5 F 18-35 Cystitis Clean Catch N N Y N None 

380 4.96 B2 73 - H1 F 61-70 cystitis Clean Catch N N N N None 

384 5.27 B2 1735 O6 H1 F 71-80 ASB During 
cystoscopy/ 

N N Y N None 
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stenting 
procedure 

388 5.14 B2 95 O18 H7 F 36-50 ASB Clean Catch N N N N None 

389 5.16 B2 95 O2/O50 H7 F 18-35 cystitis Clean Catch N N N N None 

390 5.20 B2 95 O1 H7 F 18-35 cystitis Clean Catch N N N N None 

393 4.95 B2 131 O25 H4 M 61-70 Cystitis Clean Catch N N N N None 

395 5.07 B2 131 O2/O50 H4 F 36-50 ASB Clean Catch N N N N None 

396 5.09 B2 131 O2/O50 H7 F 36-50 ASB Clean Catch N Y N N None 

398 4.90 B2 131 O16 H5 F 18-35 ASB Clean Catch N N N N None 

399 5.26 D 38 O86 H18 F 36-50 ASB Clean Catch N N N Y None 

403 4.77 B2 420 O46 H31 F 61-70 cystitis Clean Catch N N N N None 

404 4.95 D 963 O2 H18 F 36-50 cystitis Clean Catch N N N N None 

405 5.02 B2 95 O18 H7 F 18-35 cystitis Clean Catch N N N N None 

406 4.98 B1 1252 O42/O28 H20 F 81+ ASB Clean Catch N N N N None 

409 5.07 B2 73 O6 H1 F 36-50 cystitis Clean Catch N N N N None 

410 5.19 D 70 O7 H15 M 71-80 cystitis Unclear N N Y N None 

411 5.18 D 69 O77/O17/O
44/O106 

H18 F 71-80 Cystitis Clean Catch N Y Y N None 

412 5.03 B1 68 O109 H7 F 51-60 cystitis Clean Catch N N N N None 

414 5.05 B2 1193 O75 H5 F 51-60 ASB Clean Catch N N N N None 

415 4.96 B2 127 O6 H31 M 61-70 ASB Clean Catch N N Y Y None 

445 5.15 B2 73 O25 H1 F 81+ cystitis Clean catch N N N N None 

446 5.06 D 963 - H18 F 71-80 cystitis Clean catch N N N N None 

447 5.01 B2 1193 O75 H5 F 18-35 ASB Clean catch Y N N N None 

448 5.12 B2 404 O75 H5 F 18-35 cystitis Clean catch N N N N None 

449 4.72 A 10 O9 - M 71-80 cystitis Clean catch N N N N None 

450 5.08 B2 73 O22 H1 F 18-35 ASB Clean catch Y N N N None 

451 5.16 B2 2619 O1 H7 M 71-80 cystitis Foley N N N N None 

452 4.97 B2 131 O16 H5 F 18-35 ASB Clean catch Y N N N None 

453 5.15 B2 998 O2 H6 F 18-35 ASB Clean catch Y N N N None 
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454 5.29 B2 131 O25 H4 F 61-70 cystitis Straight cath N Y N N None 

455 5.19 D 69 O15 H1 F 18-35 cystitis Clean catch N N N N None 

456 4.96 B2 144 O16 H6 F 51-60 cystitis Clean catch N N N N None 

457 5.13 D 69 O117/O107 H4 F 36-50 cystitis Clean catch N N N N None 

458 5.20 D 69 O77/O17/O
44/O106/O7
3 

H45 F 36-50 cystitis Clean catch N Y N N None 

459 4.73 B1 666 O8 H7 F 36-50 ASB Clean catch N N N Y None 

460 5.07 B2 131 O25 H4 F 36-50 cystitis Clean catch N Y N N None 

461 5.05 B2 12 O4 H5 F 18-35 cystitis Clean catch N N N N None 

462 5.09 B2 131 O2/O50 H4 F 36-50 cystitis Clean catch N N N N None 

463 5.07 B2 929 O21 H14 F 18-35 cystitis Clean catch N N N N 0 

464 5.00 B2 131 O25 H4 F 18-35 cystitis Clean catch N N N N None 

466 5.11 B2 404 O75 H5 F 18-35 ASB Clean catch Y N N N None 

467 4.99 B2 491 O33 H6 F 18-35 cystitis Clean catch N N N N None 

468 5.10 B2 131 O25 H4 F 61-70 cystitis Clean catch N N N N None 

469 4.92 B2 131 O16 H5 F 51-60 cystitis Clean catch N N N N None 

470 5.07 B2 95 O2/O50 H7 F 51-60 ASB Clean catch N N N N None 

471 5.13 B2 131 O25 H4 F 18-35 cystitis Clean catch N N N N None 

472 4.96 B2 131 O16 H5 F 36-50 cystitis Clean catch N Y N N None 

473 4.86 D 362 O7 H6 F 71-80 cystitis Clean catch N N N N None 

474 5.10 B2 998 O4 H6 M 61-70 cystitis Clean catch N N Y N None 

475 4.96 B2 73 O22 H1 F 18-35 cystitis 0 N N N N None 

476 5.02 B2 127 O6 H31 F 71-80 cystitis Clean catch N N N N None 

477 4.99 B2 1193 O75 H5 F 36-50 cystitis Clean catch Y N N N None 

478 5.17 D 69 O77/O17/O
44/O106/O7
3 

H18 F 51-60 ASB Clean catch N N N N None 

479 4.63 B1 348 O110 H28 F 71-80 cystitis Clean Catch N N N N None 

480 5.17 B2 12 O4 H1 M 71-80 cystitis Clean Catch N N N Y None 

481 5.03 B2 127 O6 H31 M 61-70 cystitis Clean Catch N Y N N None 
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482 5.11 B2 95 O2/O50 H7 F 18-35 cystitis Clean Catch N N N N None 

483 5.30 B2 131 O25 H4 M 36-50 cystitis Catheter N N Y N None 

484 5.21 B2 1193 O75 H5 F 18-35 ASB Clean Catch N N N N None 

485 5.08 B2 12 O4 H5 F 61-70 cystitis Clean Catch N N N N None 

487 5.04 B2 131 O25 H4 F 81+ cystitis Clean Catch N N N N None 

488 5.05 A 10 O12 H4 F 51-60 cystitis Clean Catch N N N N None 

489 4.98 B2 73 O22 H1 M 71-80 cystitis Clean Catch N Y N N None 

490 4.75 B1 2165 - H7 F 36-50 cystitis Clean Catch N N N N None 

491 5.30 E 1300 - - F 81+ cystitis Clean Catch N N Y N None 

525 5.03 B2 73 O6 H1 M 61-70 cystitis Clean catch N N N N None 

531 4.86 B2 10325 O2/O50 H1 F 18-35 cystitis Clean catch N N N N None 

534 5.31 D 69 O15 H18 F 18-35 cystitis Clean catch N N N N None 

539 4.83 B1 297 O86 H49 F 36-50 ASB Clean catch N N N Y None 

546 5.26 D 69 O11 H18 F 36-50 Cystitis Clean catch N N N Y None 

549 5.00 B2 73 O22 H1 M 71-80 cystitis Clean catch N Y N N None 

556 5.11 B2 131 O25 H4 F 81+ ASB Clean catch N N N N None 

562 5.17 B2 144 O16 H6 F 61-70 cystitis Clean catch N Y N N None 

573 4.97 B2 998 O2 H6 M 36-50 cystitis Clean catch N N N N None 

575 4.74 B2 537 O75 H5 F 61-70 cystitis Clean catch N Y N N None 

576 5.10 B2 12 O4 H5 M 51-60 ASB Clean catch N N N Y None 

577 4.88 B1 3580 O109 H7 F 51-60 ASB Clean catch N N N Y None 

580 4.85 B1 Novel O43 H2 F 18-35 cystitis Clean catch N N N N None 

586 5.20 B2 12 O4 H5 F 81+ cystitis Clean catch N Y N N None 

588 4.86 B2 999 - H4 F 71-80 cystitis Foley N N N N None 

593 5.34 B2 998 O2 H6 M 71-80 cystitis Clean catch N N N N 0 

595 5.08 B2 95 O2/O50 H7 F 71-80 cystitis Clean catch N N N N None 

601 5.21 B2 646 O22 H5 M 18-35 cystitis Clean catch N N N N None 

607 5.09 B2 1193 O75 H5 F 36-50 cystitis Clean catch N N N N 0 

609 5.09 B2 1193 O75 H5 F 81+ cystitis Straight cath N N N N 0 

614 4.94 D 349 O166 H15 F 61-70 cystitis Clean Catch N Y N N N 
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616 5.18 B2 80 O75 H7 F 81+ cystitis Clean Catch N N N N N 

618 4.72 D 349 O166 H15 F 18-35 cystitis Clean Catch N N N N N 

619 4.70 A 1072 O37 H4 F 51-60 cystitis Clean Catch N Y N N N 

620 5.20 D 405 O102 H6 M 18-35 cystitis Suprapubic N N Y N N 

621 5.16 B2 95 O2/O50 H4 F 36-50 cystitis Clean Catch N N N N N 

623 5.04 B2 131 O25 H4 F 51-60 cystitis Clean Catch N Y N N N 

624 5.08 D 1380 O77/O17/O
44/O106/O7
3 

H18 F 18-35 cystitis Clean Catch N N N N N 

625 5.10 B2 73 O6 H1 F 81+ cystitis Clean Catch N N N N N 

627 5.01 B2 95 O2/O50 H4 F 71-80 cystitis Clean Catch N Y N N N 

628 4.83 B2 569 O46 H31 F 18-35 cystitis Clean Catch N N N N N 

629 4.75 B2 144 O22 H6 F 61-70 cystitis Clean Catch N N N N N 

630 4.86 D 68 O99 H6 M 71-80 cystitis Clean Catch N N Y N N 

631 5.12 B2 131 O25 H4 F 61-70 cystitis Clean Catch N N N N N 

632 5.08 B2 141 O2 H6 F 18-35 cystitis Clean catch N N N N N 

633 5.13 B2 73 O6 H1 F 51-60 cystitis Clean Catch N N N N N 

634 4.90 D 2914 O166 H15 F 36-50 cystitis Clean Catch N N N N N 

635 4.84 B2 569 O46 H31 F 18-35 cystitis Clean Catch N N N N N 

636 4.71 B1 58 O9/O30 H25 F 18-35 cystitis Catheter N N Y N N 

640 5.08 B2 131 O25 H4 M 71-80 ASB Catheter N N Y Y N 

641 5.06 B2 1278 O6 H1 F 18-35 ASB Clean catch Y N N N N 

642 5.05 B2 127 O75 H31 F 61-70 cystitis Clean Catch N N N N N 

643 4.90 B2 357 O13/O135 H4 F 61-70 cystitis Clean Catch N N N N N 

644 4.93 D 7401 O15 H18 F 18-35 cystitis Clean Catch N N N N N 

645 4.94 B2 131 O16 H5 F 71-80 cystitis Clean Catch N N N N N 

646 4.93 B2 131 O16 H5 F 81+ cystitis Catheter N N Y N N 

647 4.80 D 7063 O77/O17/O
44/O106 

H41 F 51-60 cystitis Catheter N N N N N 

648 4.78 B2 567 O83 H33 F 61-70 cystitis Clean Catch N N N N N 

649 4.99 B2 421 O1 H7 F 71-80 cystitis Clean Catch N N N N N 
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655 5.10 B2 95 O1 H7 F 18-35 cystitis Clean Catch N N N N N 

656 5.06 B2 95 O1 H7 F 36-50 cystitis Clean Catch N N N N N 

658 5.10 D 38 O153 H18 F 81+ cystitis Clean Catch N N N N N 

659 5.09 B2 95 O1 H7 F 81+ cystitis Catheter N N N N N 

662 4.91 B2 131 O16 H5 F 36-50 cystitis Clean Catch N N N N N 

663 5.00 B2 1193 O75 H5 F 36-50 cystitis Clean Catch N N N N N 

673 4.71 B2 569 O46 H31 F 81+ cystitis Clean catch N N N N Y 

674 5.12 B2 73 O25 H1 M 61-70 cystitis Clean Catch N N N N Y 

676 5.01 B2 131 O16 H5 M 61-70 cystitis Clean Catch N Y N N Y 

677 5.04 B2 1193 O75 H5 F 81+ cystitis Clean Catch N N N N Y 

678 4.56 B2 569 O46 H31 F 61-70 cystitis Clean Catch N N N N Y 

679 4.77 B1 155 O5 H11 F 18-35 cystitis Clean catch N N N Y Y 

680 4.98 B2 1193 O75 H5 F 18-35 ASB Clean Catch N N N N Y 

681 5.12 B2 73 O22 H1 F 51-60 cystitis Clean Catch N Y N N Y 

682 5.01 B2 12 O4 H5 F 36-50 cystitis Clean Catch N N N N Y 

685 5.12 E Novel O38 H39 F 18-35 cystitis Clean Catch N N N N Y 

686 4.92 D 70 O7 H15 F 18-35 cystitis Clean Catch N N N N Y 

687 4.90 D 973 O11 H15 F 18-35 cystitis Clean Catch N N N N Y 

689 5.11 B2 1735 O6 H1 F 36-50 ASB Clean Catch N N N N Y 

691 4.92 B2 83 O6 H5 F 71-80 cystitis Clean Catch N N Y N N 

692 5.19 B2 127 O6 H31 F 51-60 cystitis Clean Catch N N Y N N 

703 5.21 D 69 O77/O17/O
44/O106/O7
3 

H18 F 18-35 cystitis Clean Catch N N N N N 

704 5.25 D 69 O77/O17/O
44/O106 

H18 F 61-70 cystitis Clean Catch N Y N N N 

705 5.02 B2 131 O25 H4 F 81+ cystitis Clean Catch N N Y N N 

708 4.94 B2 95 O1 H7 F 18-35 cystitis Clean Catch N N N N N 

712 5.05 B2 127 O6 H31 F 71-80 cystitis Clean Catch N N N N N 

713 4.77 B1 155 O9 H10 F 51-60 cystitis Clean Catch N Y N Y N 

714 5.14 B2 Novel O6 H1 F 18-35 cystitis Clean Catch N N N N N 
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715 4.93 B2 127 O6 H31 F 18-35 cystitis Clean Catch N N N N N 

716 5.07 B2 12 O4 H5 M 61-70 cystitis Clean Catch N N N N N 

718 5.13 B2 131 O25 H4 F 36-50 ASB Catheter N Y Y N N 

719 4.98 D 69 O117/O107 H4 F 18-35 ASB Clean Catch N N Y N N 

720 4.73 B1 224 O112 H23 M 18-35 cystitis Clean Catch N N N N N 

722 4.77 B1 1146 O103 H2 F 18-35 ASB Clean Catch Y N N N N 

726 5.15 B2 131 O25 H4 F 18-35 cystitis Clean catch N N N N N 

735 4.70 B1 180 O156 H7 F 36-50 cystitis Clean catch N N N N N 

741 5.06 B2 131 O25 H4 F 71-80 cystitis Clean Catch N N N N N 

744 4.89 B2 569 O46 H31 F 18-35 ASB Clean Catch Y N N N N 

747 5.21 D Novel O153 H2 F 61-70 cystitis Clean Catch N N Y N N 

748 5.16 B2 73 O6 H1 F 51-60 cystitis Clean Catch N N Y N N 

751 5.04 B2 95 O1 H7 F 18-35 ASB Clean Catch N N N N N 

753 5.29 B2 404 O75 H5 F 51-60 cystitis Catheter N N Y N N 

760 4.76 B2 131 O16 H5 F 61-70 ASB Clean Catch N Y Y Y N 

761 4.97 B2 998 O2 H6 F 61-70 cystitis Clean Catch N N N N N 

762 4.97 B2 1946 O15 H7 M 61-70 cystitis Clean Catch N N Y Y N 

763 4.96 B2 83 O6 H5 F 71-80 cystitis Clean Catch N Y N N N 

765 5.20 B2 95 O18 H7 F 71-80 cystitis Clean Catch N N N Y N 

766 4.87 D 349 O166 H15 F 36-50 cystitis Clean Catch N N N N N 

768 5.11 B2 95 O2/O50 H4 F 18-35 cystitis Clean Catch N N N N N 

769 5.07 D 2538 O167 H9 F 51-60 cystitis Catheter N N N N N 

770 5.00 B2 131 O25 H4 F 81+ cystitis Clean Catch N N N N N 

771 5.06 B2 1859 O99 H6 F 36-50 cystitis Clean Catch N N N N N 

774 5.06 B2 73 O6 H1 F 18-35 ASB Clean catch Y N N N N 

777 5.03 D 393 O15 H1 M 61-70 cystitis Clean catch N Y N Y Y 

779 5.02 D 69 O15 H6 F 51-60 cystitis Clean catch N N N N N 

781 4.84 B1 2509 O81 H23 F 81+ cystitis Clean catch N N N N N 

782 4.98 B2 127 O6 H31 F 61-70 cystitis Clean catch N N N N N 

791 4.89 B2 127 - H31 F 36-50 cystitis Clean catch N N N N N 
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796 5.02 B2 131 O25 H4 F 51-60 cystitis Clean catch N N N N None 

797 5.17 D 69 O77/O17/O
44/O106/O7
3 

H18 F 61-70 cystitis Clean catch N Y N N None 

798 5.07 B2 73 O6 H1 F 18-35 cystitis Clean catch N N N N None 

799 5.11 B2 95 O2/O50 H7 F 36-50 cystitis Clean catch N N N N None 

801 4.98 D 714 O126 H20 F 18-35 cystitis Clean catch N N N Y None 

803 4.71 B2 538 O13/O135 H4 F 51-60 cystitis Clean catch N Y N N None 

804 5.02 B2 131 O25 H4 M 71-80 cystitis Foley N N N N None 

807 5.09 B2 127 O6 H31 F 51-60 cystitis Clean catch N N N N None 

809 5.06 B2 998 O2 H6 M 51-60 cystitis Clean catch N N N N None 

810 4.75 B2 135 O83 H1 F 18-35 cystitis Clean catch N N N N None 

815 5.14 B2 1859 O99 H6 F 36-50 cystitis Clean catch N N N N None 

818 4.85 B1 Novel O43 H2 F 36-50 cystitis Clean catch N N N Y None 

820 5.08 B2 12 O4 H5 F 36-50 cystitis Clean catch N Y N N None 

821 4.94 B2 131 O16 H5 F 71-80 cystitis Clean catch N N N N None 

826 4.83 B2 357 O13/O129/
O135 

H4 F 18-35 ASB Clean catch Y N N N None 

832 5.28 D 69 O77/O17/O
44/O106 

H18 F 36-50 ASB Clean catch N N N N None 

834 4.89 D 38 O7 H15 F 18-35 cystitis Clean catch N N N N None 

835 4.93 B2 357 O13/O135 H4 F 61-70 cystitis Clean catch N N N N None 

837 5.39 D 69 O17/O77/O
44/O106/O7
3 

H18 F 51-60 cystitis Clean catch N N N N None 

839 5.08 B1 8253 O8 H9 F 18-35 cystitis Clean catch N N N N None 

841 4.97 D 349 O86 - F 61-70 cystitis Clean catch N Y N Y None 

856 5.16 D 69 O77/O17/O
44/O106 

H18 F 51-60 ASB Clean catch N Y N Y None 

858 4.90 F 457 - H25 F 51-60 cystitis Clean catch N N N N None 

864 5.15 B2 12 O4 H5 F 18-35 cystitis Clean catch N N N N None 

868 4.82 B2 547 - H5 M 61-70 cystitis Clean catch N N N N None 
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893 5.01 B2 127 O6 H31 M 61-70 ASB Clean catch N Y N Y None 

897 4.72 B1 295 - H16 F 18-35 ASB Clean catch Y N N N None 

900 5.15 D 69 O77/O17/O
44/O106 

H18 F 61-70 cystitis Clean catch N N N N None 

924 5.26 B2 131 O25 H4 F 51-60 ASB Clean catch N Y N N None 

928 5.04 B2 95 O1 H7 M 61-70 cystitis Clean catch N N N N None 

931 5.01 B2 1946 O15 H7 M 71-80 cystitis Clean catch N N N N None 

933 5.04 B2 141 O2 H6 F 18-35 ASB Clean catch Y N N N None 

941 5.10 D 69 O15 H2 M 61-70 ASB Clean catch N N N N None 

945 5.05 B2 2279 O25 H4 F 18-35 cystitis Clean catch N N N N None 

946 5.12 B2 1193 O75 H5 F 51-60 cystitis Clean catch N N N N None 

947 5.15 A 10 O15 H4 F 18-35 cystitis Clean catch N N N N None 

948 4.99 B2 73 O6 H1 M 36-50 cystitis Clean catch N N N Y None 

949 4.83 B2 676 O16 H5 M 61-70 cystitis Clean catch N N N N None 

950 4.74 B2 372 O18 H31 F 18-35 cystitis Clean catch Y N N N None 

951 4.94 D 778 O86 H18 F 36-50 cystitis Clean catch N N N N None 

953 5.06 B2 73 O6 H1 F 18-35 cystitis Clean catch N N N N None 

954 5.09 B2 131 O25 H4 F 71-80 cystitis Clean catch N N Y N None 

955 5.12 B2 131 O25 H4 F 18-35 cystitis Clean catch N N N N None 

956 4.95 B2 357 O13/O135 H4 F 18-35 cystitis Clean catch N N N N None 

957 4.95 B1 101 O82 H8 F 71-80 cystitis Clean catch N Y N N None 

958 4.83 B2 547 - H5 F 18-35 ASB Clean catch Y N N N None 

961 5.00 B2 1859 O99 H6 F 71-80 cystitis Clean catch N N N N None 

962 4.96 D 973 O21 H15 M 71-80 cystitis Straight cath N N N N None 

963 5.17 B2 73 O6 H1 F 51-60 cystitis Clean catch N N N N None 

964 5.21 D 69 O77/O17/O
44/O106 

H18 F 36-50 cystitis Clean catch N N N N None 

965 4.79 D 362 O7 H6 F 81+ cystitis Clean catch N N N N None 

966 4.71 B1 3594 O8 H7 F 51-60 cystitis Clean catch N Y N N None 

967 4.70 B2 372 O18 H31 F 51-60 cystitis Clean catch N N N N None 
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968 5.03 B2 95 O1 H7 F 71-80 cystitis Clean catch N N N N None 

969 4.92 B2 1278 O6 H1 F 61-70 cystitis Foley N N N N None 

971 4.98 B2 372 O83 H31 M 81+ cystitis Clean catch N N N N None 

973 4.94 B2 1193 O75 H5 F 36-50 cystitis Clean catch N N N N None 

974 4.68 A Novel O86 H9 F 71-80 cystitis Clean catch N N N Y None 

975 4.92 B2 2015 O2 H14 F 51-60 cystitis Clean catch N N N N None 

976 5.05 B2 4456 O83 H4 M 81+ cystitis Clean catch N N N N None 

977 5.07 B2 131 O25 H4 F 18-35 cystitis Clean catch N N N N None 

978 4.81 B2 1858 O75 H5 F 61-70 cystitis Clean catch N N Y N None 

979 4.86 B2 420 O46 H31 F 18-35 ASB Clean catch Y N N N None 

980 4.74 D 1938 - H39 F 36-50 cystitis Clean catch N N N N None 

982 4.68 A 10 - H2 F 18-35 ASB Clean catch N N N N None 

984 4.87 B2 420 O46 H31 F 61-70 cystitis Clean catch N N N N None 

986 4.93 B2 646 O22 H5 M 61-70 cystitis Clean catch N N Y N None 

988 5.06 D 70 O7 H15 F 61-70 cystitis Clean catch N N N N None 

994 5.02 B2 73 O2 H1 F 36-50 ASB Clean catch N N N Y None 

995 4.78 D 69 O15 H18 F 18-35 cystitis Clean catch Y N N N None 

996 4.74 B1 6046 O173 H37 F 36-50 cystitis Clean catch N N N N None 

997 5.10 B2 1278 O6 H1 F 18-35 ASB Clean catch N N N N None 

999 5.05 B2 131 O25 H4 F 51-60 ASB Clean catch N N N Y None 

1009 5.11 B2 73 O25 H1 F 18-35 ASB Clean catch Y N N N None 

1011 5.11 B2 131 O25 H4 F 71-80 cystitis Clean catch N N N N None 

1015 5.08 B2 2015 O2 H14 F 18-35 cystitis Clean catch N N N N None 

1025 4.78 B2 1851 O19 H4 F 18-35 cystitis Clean catch N N N N None 

1029 5.07 B2 131 O25 H4 F 18-35 ASB Clean catch Y N N N None 

1041 5.10 B2 73 O25 H1 F 51-60 ASB Clean catch N N N N None 

1042 4.92 B2 73 O22 H1 F 81+ cystitis Clean catch N N N N None 

1044 4.87 B2 569 O46 H31 F 18-35 cystitis Clean catch N N N N None 

1045 5.09 B2 73 O2/O50 H1 M 61-70 cystitis Straight cath N N N N None 

1046 4.92 F 457 O11 H25 F 51-60 ASB Clean catch N N N Y None 
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1047 4.99 D 393 O15 H1 M 71-80 cystitis Foley N Y N Y None 

1048 5.11 B2 131 O25 H4 F 36-50 ASB Clean catch Y N N N None 

1049 5.29 D 1177 O1 H15 M 81+ cystitis Clean catch N N N N None 

1054 4.90 B2 131 O25 H4 F 71-80 cystitis Clean catch N N N N None 

1055 4.85 B2 131 O25 H4 F 71-80 cystitis Clean catch N N N N None 

1056 5.05 B2 1859 O99 H6 F 51-60 ASB Clean catch N N N Y None 

1059 4.95 B2 538 O13/O135 H4 F 51-60 cystitis Clean catch N N N N None 

1061 4.87 B2 999 - H4 F 81+ cystitis Clean catch N N N N None 

1062 5.02 B2 131 O25 H4 F 18-35 cystitis Clean catch Y N N N None 

1067 4.79 D 106 O77/O17/O
44/O106 

H18 F 36-50 ASB Clean catch N N N N None 

1068 5.01 B2 131 O25 H4 M 61-70 cystitis Foley N N N N None 

1073 4.97 B2 95 O2/O50 H7 F 18-35 cystitis Clean catch N N N N None 

1074 4.94 B2 12 O4 H1 F 18-35 cystitis Clean catch N N N N None 

1075 4.89 B2 3672 O140 H14 F 18-35 cystitis Clean catch N N N N None 

1076 4.92 B2 131 - H4 F 71-80 cystitis Clean catch N N N N None 

1078 4.78 B2 569 O46 H31 F 36-50 cystitis Clean catch N N N N None 

1079 4.84 D 2585 O175 H48 F 51-60 ASB Clean catch N N N N None 

1081 5.08 B2 131 O25 H4 M 36-50 cystitis Clean catch N N N N None 

1082 5.21 D 69 O77/O17/O
44/O106 

H45 F 81+ cystitis Straight cath N N N N None 

1083 5.07 B2 131 O25 H4 M 71-80 cystitis Clean catch N N N N None 

1084 5.25 B2 131 O25 H4 F 18-35 cystitis Clean catch N N N N None 

1085 5.17 B2 73 O25 H1 F 61-70 cystitis Clean catch N Y N N None 

1098 4.80 B1 56 O21 H21 F 51-60 cystitis Clean catch N N N N None 

1099 4.94 B2 706 O85 H1 F 51-60 cystitis Clean catch N N N N None 

1100 4.85 B2 95 - H7 F 81+ ASB Clean catch N N N N None 

1101 4.90 E 182 O169 H41 F 61-70 cystitis Clean catch N N N Y None 

1105 5.04 F 648 O153 H2 F 51-60 cystitis Clean catch N N N N None 

1107 4.87 E 4197 O161 H30 F 36-50 cystitis Clean catch N N N N None 
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1111 5.08 B2 95 O18 H7 F 18-35 cystitis Clean catch N N N N None 

1112 4.88 D 349 O166 H15 F 36-50 cystitis Straight cath N N Y N None 

1120 5.28 B2 131 O25 H4 F 81+ cystitis Clean catch N N N N None 

1121 5.09 B2 95 O25 H4 F 18-35 cystitis Foley N N N N None 

1122 4.85 B1 297 O169 H49 F 71-80 cystitis Clean catch N N N N None 

1123 5.18 D 69 O153 H2 F 18-35 cystitis Clean catch Y N N N None 

1129 5.06 D 38 O1 H15 F 81+ cystitis Clean catch N N N N None 

1130 5.09 B2 10325 O2/O50 H1 F 18-35 cystitis Clean catch Y N N N None 

1131 4.61 B2 569 O46 H31 F 71-80 cystitis Clean catch N N N N None 

1132 4.97 B2 1867 O77/O17/O
44/O106/O7
3 

H27 F 71-80 cystitis Clean catch N N N N None 

1141 5.08 B2 73 O6 H1 F 36-50 cystitis Clean catch N N N N None 

1142 4.66 D 349 O166 H15 F 61-70 cystitis Clean catch N N N N None 

1143 5.11 D 69 O77/O17/O
44/O106 

H18 F 61-70 cystitis Clean catch N N N N None 

1147 4.76 B2 28 O96 H14 F 81+ cystitis Clean catch N N N N None 

1149 4.92 Cryptic 8652 O38 H39 F 51-60 cystitis Clean catch N N N Y None 

1157 5.18 B2 1231 O18 H7 F 61-70 cystitis Clean catch N N N N None 

1158 5.02 D 69 O153 H2 F 81+ cystitis Clean catch N Y N N None 

1160 4.89 D 69 O15 H18 F 36-50 cystitis Clean catch N Y N N None 

1161 4.92 B2 127 O6 H31 F 18-35 cystitis Clean catch N N N N None 

1164 4.76 B1 129 O170 H7 F 51-60 cystitis Clean catch N N Y N None 

1165 4.86 A 191 O128 H20 F 36-50 cystitis Clean catch N N N N None 

1166 5.07 B2 73 O6 H1 F 61-70 cystitis Clean catch N Y N N None 

1167 4.94 B1 58 O8 H25 F 18-35 cystitis Clean catch Y N N N None 

1168 5.07 B2 1193 O75 H5 F 51-60 cystitis Clean catch N Y N N None 

1169 5.07 B2 127 O6 H31 F 61-70 cystitis Clean catch N N N N None 

1180 4.99 B2 1193 O75 H5 F 36-50 ASB Clean catch N N N Y None 

1181 4.83 B2 420 O46 H31 F 18-35 cystitis Clean catch N N N N None 

1182 5.06 B2 131 O25 H4 F 36-50 cystitis Clean catch N N N Y None 
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1185 4.74 B2 978 O4 H27 F 36-50 cystitis Clean catch N N N N None 

1186 4.98 B2 131 O25 H4 M 61-70 cystitis Clean catch N N N N None 

1187 5.23 B2 404 O75 H5 F 18-35 cystitis Clean catch N N N N None 

1188 4.78 G 1163 O149 H23 F 61-70 cystitis Clean catch N N N N None 

1189 5.10 B2 131 O25 H4 F 61-70 cystitis Clean catch N N N N None 

1190 4.68 D 349 O166 H15 F 61-70 cystitis Clean catch N N N N None 

1191 5.11 F 59 O1 H7 F 51-60 cystitis Clean catch N N N N None 

1192 5.01 B2 131 O25 H4 F 51-60 ASB Clean catch N N N N None 

1193 5.05 B2 127 O6 H31 M 61-70 cystitis Clean catch N N N N None 

1194 4.92 D 8371 - H45 F 51-60 ASB Clean catch N Y N N None 

1205 5.17 B2 73 O6 H1 F 36-50 ASB Clean catch N N N N None 

1206 4.69 B1 297 O169 H8 M 51-60 cystitis Clean catch N N N Y None 

1207 4.80 B1 155 O21 H51 F 18-35 ASB Clean catch N N N N None 

1208 4.89 A 10 O9 H9 F 51-60 cystitis Clean catch N N N N None 

1209 4.96 B2 2626 O16 H6 F 36-50 cystitis Clean catch N N N N None 

1210 5.11 B2 95 O2/O50 H4 F 18-35 cystitis Clean catch N N N N None 

1211 5.00 B2 998 O4 H6 F 71-80 ASB Clean catch N N N N None 

1212 5.08 B2 1193 O75 H5 F 61-70 cystitis Clean catch N N N N None 

1213 4.89 B2 999 - - F 81+ cystitis Clean catch N N N N None 

1214 5.17 B2 73 O6 H1 F 18-35 cystitis Clean catch N N N N None 

1215 5.37 D 405 O102 H6 F 18-35 cystitis Clean catch Y N N N None 

1216 5.11 B2 131 O25 H4 F 71-80 cystitis Clean catch N N N N None 

1218 5.05 B2 2015 O2 H14 F 81+ cystitis Clean catch N N N N None 

1219 4.87 A 607 O32 H12 M 51-60 cystitis Clean catch N N N N None 

1221 5.19 B2 404 O75 H5 F 61-70 cystitis Clean catch N N N N None 

1223 4.51 clade V Novel - H56 F 51-60 cystitis Clean catch N Y N N None 

1224 4.96 B2 73 O22 H1 M 18-35 cystitis Clean catch N N N N None 

1225 5.04 B2 127 O6 H31 F 18-35 cystitis Clean catch N N N N None 

1240 5.04 B2 91 O39 H4 F 18-35 cystitis Clean catch N N N N None 

1242 5.06 B2 550 O75 H5 F 81+ cystitis Clean catch N N N N None 
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1243 5.07 B2 131 O25 H4 F 18-35 cystitis Clean catch N N N N None 

1244 5.09 B2 12 O2/O50 H5 F 18-35 cystitis Clean catch N N N N None 

1245 4.93 D 778 O86 H18 F 36-50 cystitis Clean catch N N N N None 

1248 5.02 D 349 O86 H2 F 71-80 cystitis Clean catch N Y Y N None 

1249 4.81 B2 131 O16 H5 F 81+ cystitis Clean catch N N N N None 

1251 4.74 B2 420 O46 H31 F 51-60 cystitis Clean catch N N N N None 

1257 5.08 B2 1193 O75 H5 F 61-70 cystitis Clean catch N Y N N None 

1260 4.96 B2 2554 O83 H1 F 18-35 ASB Clean catch Y N N N None 

1261 5.10 B2 73 O18 H1 F 61-70 cystitis Clean catch N N N N None 

1262 5.09 B2 131 O2/O50 H4 F 36-50 cystitis Clean catch N Y N N None 

1263 5.30 D 69 O77/O17/O
44/O106/O7
3 

H18 F 18-35 ASB Clean catch Y N N N None 

1272 5.10 B2 1859 O99 H6 F 18-35 cystitis Clean catch N N N N None 

1275 4.79 D 2200 - H1 F 51-60 cystitis Clean catch N N N Y None 

1276 4.93 B2 83 O6 H5 F 71-80 cystitis Clean catch N N N N None 

1278 5.23 B2 131 O25 H4 M 81+ cystitis Clean catch N N N N None 

1279 5.20 B2 127 O6 H31 F 36-50 ASB Clean catch Y N N N None 

1280 4.84 B1 58 O8 H25 F 36-50 cystitis Clean catch N N N N None 

1286 5.08 B2 95 O1 H7 F 36-50 cystitis Clean catch N N N N None 

1289 4.78 D 2585 O175 H48 F 61-70 cystitis Clean catch N N N N None 

1294 5.09 B2 131 O25 H4 M 18-35 cystitis Clean catch N N N N None 

1297 5.21 B2 14 O18 H5 F 18-35 cystitis Clean catch N Y N N None 

1298 5.08 B2 131 O25 H4 F 51-60 cystitis Clean catch N N N N None 

1299 4.79 B1 2144 O81 H14 F 71-80 cystitis Clean catch N N N N None 

1303 4.92 B2 73 O22 H1 F 61-70 cystitis Clean catch N N N N None 

1304 5.33 B2 131 O25 H4 M 61-70 cystitis Clean catch N N N N None 

1305 5.02 B2 1193 O75 H5 F 18-35 ASB Clean catch Y N N N None 

1307 4.77 C 410 O8 H9 F 81+ cystitis Clean catch N N N N None 

1308 4.96 B2 28 - H6 F 36-50 cystitis Clean catch N N N N None 
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1309 5.21 B2 14 O18 H5 F 61-70 cystitis Clean catch N N N N None 

1314 5.19 B2 1193 O75 H5 M 81+ ASB Clean catch N Y Y N None 

1315 4.97 B2 2015 O2 H14 F 61-70 cystitis Clean catch N Y N N None 

1316 5.06 E 5913 O87 H19 F 81+ ASB Clean catch N N N N None 

1319 5.08 B2 131 O25 H4 F 18-35 cystitis Catheter N N N N None 

1323 4.72 B1 641 O9/O30 H25 F 36-50 cystitis Clean catch N Y N N None 

1324 5.31 D 69 O77/O17/O
44/O106/O7
3 

H18 F 18-35 cystitis Clean catch N N N N None 

1325 4.68 B1 348 O110 H28 F 51-60 cystitis Clean catch N N N N None 

1326 4.71 D 362 - H6 F 18-35 cystitis Clean catch N N N N None 

1327 5.21 B2 95 O1 H7 F 36-50 cystitis Clean catch N N N N None 

1329 5.09 B2 2619 O1 H7 F 71-80 cystitis Clean catch N N N N None 

1331 5.03 B2 95 O2/O50 H7 F 61-70 ASB Clean catch N N Y Y None 

1332 5.14 B2 73 O6 H1 F 61-70 cystitis Clean catch N N N N None 

1333 5.11 B2 131 O25 H4 F 36-50 ASB Clean catch Y N N N None 

1334 4.94 B2 131 O16 H5 F 36-50 ASB Clean catch N N N N None 

1336 4.86 B2 127 O6 H31 F 18-35 cystitis Clean catch Y N N N None 

1337 5.08 B2 998 O4 H6 M 71-80 cystitis Clean catch N N N N None 

1338 5.04 B2 73 O25 H1 F 71-80 ASB Clean catch N Y Y N None 

1339 5.13 B2 73 O2 H1 F 18-35 cystitis Clean catch N N N N None 

1342 4.92 B2 420 O46 H31 F 71-80 cystitis Clean catch N N N N None 

1343 5.04 B2 131 O25 H4 M 36-50 cystitis Clean catch N N N N None 

1344 5.09 B2 Novel O75 H5 F 18-35 cystitis Clean catch Y N N N None 

1345 5.14 B2 73 O6 H1 F 81+ ASB Clean catch N N Y N None 

1346 5.03 B2 421 O1 H7 F 18-35 cystitis Clean catch N N N N None 

1347 5.09 B2 136 O8 H10 F 18-35 cystitis Clean catch N N N N None 

1348 5.21 D 38 O1 H15 F 81+ cystitis Clean catch N N Y Y None 

1349 5.27 B2 131 O25 H4 F 61-70 ASB Clean catch N N N N None 

1350 5.02 D 69 O15 H2 F 36-50 ASB Clean catch Y N N N None 
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1351 5.02 B2 127 O6 H31 F  18-35 cystitis Clean catch N N N N None 

1353 4.74 A 9315 O80 H26 F 61-70 cystitis Clean catch N N N N None 

1354 5.04 B2 1735 O6 H1 M 71-80 ASB Clean catch N N Y N None 

1355 4.97 B2 127 O6 H31 F 71-80 ASB Clean catch N N N N None 

1356 5.13 B2 12 O18 H5 F 18-35 cystitis Clean catch N N N N None 

1357 4.88 B2 636 O21 H7 F 81+ cystitis Clean catch N Y Y N None 

1358 5.38 D 69 O15 H18 F 18-35 cystitis Clean catch N N N N None 

1359 4.72 B2 420 O46 H31 F 71-80 cystitis Clean catch N N N N None 

1361 5.05 B2 83 O6 H5 F 18-35 cystitis Clean catch N N N N None 

1363 4.96 B2 73 O6 H1 F 81+ ASB Clean catch N N Y N None 

1364 5.12 B2 95 O2/O50 H7 F 61-70 cystitis Clean catch N N N N None 

1365 5.08 B2 2604 O4 H5 F 18-35 cystitis Clean catch N N N N None 

1366 4.91 B2 126 - H5 F 18-35 ASB Clean catch N N N N None 

1367 5.10 B2 131 O25 H4 F 61-70 cystitis Clean catch N N N N None 

1368 4.82 B1 297 O86 H8 F 61-70 cystitis Clean catch N N N N None 

1369 5.21 D 70 O7 H15 F 81+ cystitis Clean catch N N N N None 

1370 5.07 B2 95 O18 H7 F 18-35 cystitis Clean catch N N N N None 

1371 5.18 B2 Novel O2 H6 F 18-35 cystitis Clean catch N N N N None 

1372 5.09 B2 95 O2/O50 H7 F 36-50 ASB Clean catch N Y Y Y None 

1373 5.05 B2 131 O2/O50 H4 F 71-80 cystitis Clean catch N N N N None 

1374 4.98 B2 1193 O75 H5 F 36-50 ASB Clean catch N N Y Y None 

1375 4.83 A 10 O86 H32 F 36-50 cystitis Clean catch N N Y N None 

1376 5.08 B2 95 O2/O50 H7 F 18-35 ASB Clean catch Y N N N None 

1377 5.15 B2 131 O25 H4 F 18-35 cystitis Clean catch N N N N None 

1378 5.03 B2 1193 O75 H5 F 81+ cystitis Clean catch N Y N Y None 

1381 5.02 B2 12 O4 H5 F 71-80 cystitis Clean catch N N Y Y None 

1382 5.14 B2 95 O1 H7 F 18-35 ASB Clean catch N N N N None 

1383 4.96 B1 2530 O9/O30 H21 F 61-70 ASB Clean catch N N N N None 

1384 4.95 A 607 O21 H25 F 18-35 cystitis Clean catch N N N N None 

1385 5.16 B2 127 O6 H31 F 61-70 cystitis Clean catch N N N N None 
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1386 5.25 B2 404 O75 H5 F 18-35 ASB Clean catch Y N N N None 

1387 5.01 B2 131 O25 H4 F 51-60 cystitis Catheter N Y Y N None 

1388 5.04 B2 1193 O75 H5 F 36-50 cystitis Clean catch N N N N None 

1391 5.28 B2 131 O25 H4 F 61-70 cystitis Clean catch N Y N N None 

1392 5.00 B2 998 O2 H6 F 36-50 cystitis Clean catch N N N N None 

1394 5.10 B2 131 O2/O50 H4 F 81+ cystitis Clean catch N N N N None 

1395 4.96 B2 131 O25 H4 F 61-70 ASB Clean catch N N Y Y None 

1396 5.00 B2 73 O6 H1 F 36-50 cystitis Clean catch N N N N None 

1397 4.87 B2 1385 - H4 F 71-80 cystitis Clean catch N N N N None 

1398 4.93 A 744 O89 H9 F 81+ ASB Clean catch N N N N None 

1399 4.99 B2 73 O6 H1 F 51-60 ASB Clean catch N N Y N None 

1401 4.76 B1 58 O8 H9 F 18-35 cystitis Clean catch N N Y N None 

1402 5.17 B2 141 O2 H6 F 81+ cystitis Clean catch N N N N None 

1403 5.04 B2 95 O2/O50 H4 M 36-50 cystitis Clean catch N N N N None 

1405 5.14 B2 95 O2/O50 H7 F 71-80 ASB Clean catch N N N N None 

1406 5.13 B2 73 O6 H1 F 61-70 cystitis Clean catch N N N N None 

1407 4.99 B2 141 O2 H6 F 18-35 cystitis Clean catch N N N N None 

1408 4.79 B2 569 O46 H31 F 61-70 cystitis Clean catch N N N N None 

1409 4.97 B2 1193 O75 H5 M 61-70 ASB Clean catch N N Y N None 

1410 5.18 B2 95 O1 H7 F 18-35 cystitis Clean catch N N N N None 

1411 5.03 B2 131 O16 H5 F 51-60 cystitis Clean catch N Y N N None 

1412 4.54 B1 3520 O8 H19 F 71-80 cystitis Clean catch N N Y N None 

1413 5.06 B2 998 O2 H6 F 36-50 cystitis Clean catch N N N N None 

1416 4.77 B1 196 O8 H7 F 71-80 cystitis Clean catch N N N N None 

1417 5.13 B2 131 O25 H4 F 36-50 cystitis Clean catch N N N N None 

1419 5.04 B2 1278 O6 H1 F 61-70 cystitis Clean catch N N N N None 

1421 5.00 D 69 O77/O17/O
44/O106 

H33 F 71-80 cystitis Clean catch N N N N None 

1423 5.06 B2 2554 O83 H1 F 18-35 ASB Clean catch Y N N N None 

1424 5.01 A 607 O21 H25 F 71-80 cystitis Clean catch N N Y N None 
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1428 4.89 B2 357 O13/O135 H4 F 71-80 cystitis Clean catch N N N N None 

1429 5.10 B2 131 O25 H4 F 36-50 cystitis Clean catch N N N N None 

1430 4.86 A 635 O10 H25 F 36-50 cystitis Clean catch N N N N None 

1431 5.24 D 69 O11 H18 F 51-60 cystitis Clean catch N N N N None 

1432 5.03 B2 131 O25 H4 F 61-70 cystitis Clean catch N N N N None 

1433 5.03 B2 95 O18 H7 F 61-70 cystitis Clean catch N N N N None 

1434 4.63 B2 Novel - H4 F 71-80 cystitis Clean catch N Y N N None 

1435 5.04 B2 141 O2 H6 F 18-35 cystitis Clean catch N N N N None 

1436 4.97 B2 978 O4 H27 F 61-70 cystitis Clean catch N N N N None 

1437 4.97 B2 Novel O75 H5 F 18-35 cystitis Clean catch N N Y N None 

1438 4.78 B2 1861 O16 H5 F 51-60 cystitis Clean catch N N N N None 

1439 4.94 B2 2015 O2 H14 F 81+ cystitis Clean catch N N N N None 

1440 4.78 G Novel O183 H18 M 36-50 cystitis Clean catch N Y N N None 

1441 4.77 B2 104 O22 H1 F 51-60 ASB Clean catch N N Y Y None 

1442 5.06 B2 Novel O6 H31 F 18-35 cystitis Clean catch N N N N None 

1443 5.09 B2 Novel O2/O50 H7 F 71-80 cystitis Clean catch N N N N None 

1444 5.09 B1 616 - H21 F 51-60 cystitis Clean catch N N N N None 

1445 4.94 B2 73 O25 H1 F 71-80 cystitis Clean catch N Y N N None 

1446 4.90 B2 2015 O2 H14 F 51-60 cystitis Clean catch N Y Y N None 

1447 5.13 B2 538 O13/O135 H4 F 18-35 cystitis Clean catch N N N N None 

1450 5.18 B2 127 O6 H31 F 18-35 cystitis Clean catch N N N N None 

1451 5.02 B2 127 O6 H31 F 36-50 cystitis Clean catch N N N N None 

1453 4.99 B2 95 O18 - F 51-60 ASB Clean catch N N N N None 

1454 5.17 B2 404 O75 H5 F 61-70 cystitis Clean catch N N N N None 

1455 5.01 B2 127 O6 H31 F 18-35 cystitis Clean catch N N N N None 

1456 4.73 B2 420 O46 H31 F 36-50 cystitis Clean catch N N Y N None 

1457 5.10 B2 1193 O75 H5 F 51-60 cystitis Clean catch N Y N N None 

1458 5.05 B2 1193 O75 H5 F 18-35 cystitis Clean catch Y N N N None 

1459 4.62 B1 641 O133 H25 F 18-35 cystitis Clean catch N N N N None 

1461 5.16 B2 127 O6 H31 F 61-70 cystitis Clean catch N N N N None 
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1462 4.82 B2 131 O16 H5 F 51-60 ASB Clean catch N N N N None 

1463 4.78 B2 372 O18 H31 F 18-35 cystitis Clean catch N N N N None 

1465 5.24 B2 998 O2 H6 F 51-60 cystitis Clean catch N N N N None 

1466 5.03 B2 2015 O2 H14 F 51-60 cystitis Clean catch N N N N None 

1467 5.08 B2 998 O4 H6 F 36-50 cystitis Catheter N N N N None 

1468 5.02 B2 127 O6 H31 F 61-70 cystitis Clean catch N Y N N None 

1470 5.12 B2 127 - H31 M 36-50 ASB clean catch N N Y Y None 

1471 5.08 B2 127 - H31 F 61-70 cystitis Clean Catch N Y N N None 

1472 4.95 B2 1193 O75 H5 F 51-60 cystitis Catheter N N N N None 

1473 5.17 B2 127 O6 H31 F 36-50 cystitis Clean catch N N N N None 

1474 5.14 B2 95 O18 H7 F 51-60 cystitis Clean Catch N N N N None 

1475 5.12 B2 73 O25 H1 M 61-70 cystitis Catheter N N Y N None 

1476 5.27 B2 95 O2/O50 H7 F 36-50 cystitis Clean catch N N N Y None 

1477 4.98 B2 1193 O75 H5 F 18-35 cystitis Clean catch N N N N None 

1478 4.95 B2 73 O22 H1 F 18-35 ASB Clean catch Y N N N None 

1479 4.71 B1 2280 O185 H16 F 71-80 cystitis Clean catch N Y N N None 

1480 5.09 B2 127 O6 H31 F 36-50 cystitis Clean catch N N N N None 

1481 4.84 D 38 O1 H18 F 61-70 cystitis Catheter N Y Y N None 

1483 5.05 B2 12 O4 H5 F 18-35 ASB Clean Catch Y N N N None 

1484 4.79 A 216 O3 H44 F 51-60 cystitis Clean Catch N N N N None 

1485 5.05 B2 127 O6 H31 F 18-35 cystitis Clean Catch Y N N N None 

1486 5.06 B2 73 O6 H1 F 61-70 cystitis Catheter N N N Y None 

1487 5.20 B2 127 O6 H31 F 36-50 cystitis Catheter Y N N N None 

1489 4.72 B2 420 O46 H31 F 18-35 cystitis Clean Catch N N N N None 

1490 5.07 B2 73 O22 H1 F 18-35 cystitis Clean Catch N N N N None 

1491 5.08 B2 73 O6 H1 F 71-80 cystitis Clean Catch N N N N None 

1492 5.10 B2 131 O25 H4 F 71-80 cystitis Clean Catch N Y N N None 

1493 5.10 B2 73 O6 H1 F 71-80 cystitis Clean Catch N N N N None 

1494 5.16 D 69 O153 - F 18-35 cystitis Clean Catch N N N N None 

1495 5.00 B2 Novel O25 H4 F 81+ cystitis Clean Catch N N N N None 



133  

1497 4.94 B2 131 O16 H5 F 71-80 cystitis Clean Catch N N N N None 

1498 4.95 D 349 O166 H15 F 18-35 cystitis Clean Catch N N N N None 

1499 5.13 B2 127 - H31 F 71-80 cystitis Clean Catch N N N N None 

1500 5.04 B2 1859 O99 H6 F 18-35 cystitis Clean Catch N N N N None 

1501 5.09 B2 73 O120 H31 F 61-70 cystitis Clean Catch N Y N N None 

1502 5.12 B2 404 O75 H5 F 18-35 cystitis Clean Catch Y N N N None 

1504 5.12 B2 1735 O6 H1 F 71-80 cystitis Clean Catch N N N Y None 

1505 4.94 B2 491 O54 H45 F 71-80 cystitis Clean Catch N Y N N None 

1506 4.85 B2 127 O6 H31 F 36-50 cystitis Clean Catch N N N N None 

1507 5.03 B2 1193 O75 H5 F 71-80 cystitis Clean Catch N N N N None 

1510 5.16 B2 95 O1 H7 F 18-35 cystitis Clean Catch Y N N N None 

1511 4.76 B1 297 O45 H14 F 36-50 cystitis Clean Catch N N N N None 

1512 5.13 B2 131 O25 H4 F 61-70 cystitis Clean Catch N N N N None 

1513 4.73 B2 420 O46 H31 F 51-60 cystitis Clean Catch N N N N None 

1514 5.26 B2 404 O75 H5 F 51-60 cystitis Clean Catch N N N N None 

1515 5.00 B2 73 O22 H1 F 61-70 cystitis Clean Catch N N N N None 

1516 5.00 B2 12 O21 H5 F 61-70 cystitis Clean Catch N Y N N None 

1517 5.17 B2 1278 O6 H1 F 51-60 cystitis Clean Catch N N N N None 

1518 5.09 D 963 O86 H18 F 18-35 ASB Clean Catch N N N N None 

1519 5.03 B2 2558 O83 H14 F 36-50 cystitis Clean Catch N N N N None 

1522 5.05 B2 131 O16 H5 F 71-80 cystitis Clean Catch N N N N None 

1523 5.18 B2 404 O75 H5 F 51-60 cystitis Clean Catch N Y N N None 

1524 4.99 B2 131 O16 H5 F 36-50 cystitis Clean Catch N N N N None 

1526 4.77 A 4358 O25 H16 F 36-50 cystitis Clean Catch N N N N None 

1527 4.92 C 88 - H12 F 36-50 cystitis Clean Catch N N N N None 

1528 5.05 B2 1193 O75 H5 F 18-35 cystitis Clean Catch N N N N None 

1529 5.15 B2 95 O18 H7 F 18-35 cystitis Clean Catch N N N N None 

1530 5.21 D 6655 O130 H18 F 36-50 cystitis Clean Catch N Y N N None 

1531 4.77 D 2797 O120 H48 F 18-35 cystitis Clean Catch N N N N None 

1532 4.75 B2 676 O16 H5 F 18-35 cystitis Clean Catch N N N N None 
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1535 5.24 D 69 O77/O17/O
44/O106 

H18 F 61-70 cystitis Clean Catch N Y N N None 

1536 4.78 D 362 O7 H6 F 81+ cystitis Clean Catch N Y N N None 

1537 5.20 B2 95 O2/O50 H7 F 36-50 cystitis Clean Catch N N N N None 

1538 5.16 B2 95 O2/O50 H7 F 81+ cystitis Clean Catch N N N N None 

1539 5.20 B2 1193 O75 H5 F 51-60 cystitis Clean Catch N N Y N None 

1540 4.97 B2 1262 O2 H1 F 61-70 cystitis Clean Catch N Y N N None 

1541 4.95 E 4225 O151/O118 H28 F 61-70 cystitis Clean Catch N N N N None 

1542 4.74 A 48 - H16 F 51-60 cystitis Clean Catch N N N N None 

1543 4.80 B2 3672 O33 H14 M 61-70 cystitis Catheter N Y Y N None 

1545 5.12 B2 95 O1 H7 F 18-35 cystitis Clean Catch N N N N None 

1550 5.06 B2 95 O18 H7 F 61-70 cystitis Clean Catch N N N N None 

1553 4.99 B2 Novel O6 H31 F 36-50 ASB Clean Catch Y N N N None 

1554 4.94 B2 12 O21 H5 F 18-35 cystitis Clean Catch Y N N N None 

1555 5.12 B2 141 O2 H6 F 51-60 cystitis Clean Catch N N N N None 

1556 5.10 B2 1193 O75 H5 F 61-70 cystitis Catheter N Y Y N None 

1557 4.72 B2 420 O46 H31 F 71-80 cystitis Clean Catch N N N N None 

1560 5.11 B2 131 O25 H4 F 51-60 cystitis Clean Catch N N Y Y None 

1561 5.12 B2 95 O2/O50 H7 F 18-35 cystitis Clean Catch N N N N None 

1562 5.01 B2 1193 O75 H5 F 36-50 ASB Clean Catch Y N N N None 

1563 5.05 B2 127 O6 H31 M 71-80 cystitis Clean Catch N Y Y N None 

1565 5.13 B2 95 O1 H7 M 51-60 cystitis Catheter N N Y N None 

1566 4.98 C 423 O8 H9 F 18-35 cystitis Clean Catch N N N N None 

1567 4.56 B1 Novel O8 H19 F 51-60 cystitis Clean Catch N N Y N None 

1569 5.04 D 68 O1 H6 F 51-60 cystitis Clean Catch N N N N None 

1570 4.65 B2 Novel O18 H31 F 61-70 cystitis Clean Catch N Y N N None 

1573 5.05 B2 131 O25 H4 F 51-60 cystitis Clean Catch N N Y N None 

1574 4.75 D 70 O175 H15 F 71-80 cystitis Clean Catch N N N N None 

1575 4.95 B2 Novel O1 H7 F 51-60 cystitis Clean Catch N N N N None 

1576 5.10 B2 12 O4 H1 M 36-50 cystitis Clean Catch N N N Y None 
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1577 4.87 B2 73 O6 H1 F 81+ cystitis Clean Catch N N Y N None 

1578 4.83 B1 155 O185 H25 F 61-70 cystitis Clean Catch N Y N N None 

1579 5.09 B2 131 O25 H4 M 61-70 cystitis Catheter N N N N None 
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APPENDIX B 

PHYLOGENETICS OF URINARY STAPHYLOCOCCUS SAPROPHYTICUS 

From the S. saprophyticus isolates procured from MicroVU that were subjected to 

WGS, with the help of a rotation student, Owen Hale, we analyzed the sequences for their 

phylogenetic distribution. To make the phylogenetic tree, we created a maximum likelihood 

tree from the core genomes of the 77 isolates. The tree is colored based on the host-

phenotype: Red indicates from a UTI patient, while blue indicates a commensal isolate. We 

found a high degree of clonality amongst the isolates. Commensal isolates group tightly 

together in some branches of the tree, and this was reflected in the UTI isolates as well 

(Figure 33). I analyzed two of the closely related strains, S. saprophyticus strains 1112 and 

1113. These two strains appear to be clonal, as they are nearly genetically identical (Figure 

34). 
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Figure 34: Maximum likelihood phylogenetic tree of S. saprophyticus clinical isolates 

Urinary S. saprophyticus either from patients with UTI, or as commensal isolates, were 
sequenced and bioinformatically analyzed according to Chapter II. A maximum likelihood 
tree was constructed from the core genome of the strains using Parsnp. Urinary S. 
saprophyticus exhibits high levels of clonality, where UTI strains group together very tightly, 
and commensal strains similarly. Strains from patients with UTI are shown with pink boxes, 
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and strains deemed commensal are shown in blue. 
 

 
Figure 35: S. saprophyticus 1112 and 1113 Genome Alignments 
Whole genome alignment computed using ProgressiveMauve on the Bv-BRC server. 
Visualized using the genome viewer tool. The grey box and star indicate a genomic region 
found in strain 1112 but not in 1113. All other colored regions indicate shared regions 
between the two strains. These two strains from unique patients are genetically nearly 
identical, suggesting clonality. 
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APPENDIX C 
MOBILE GENETIC ELEMENTS IN URINARY E. COLI 

 
This  section encompasses the supplementary table of mobile genetic elements found 

in each tested VUTI strain in Chapter III. Plasmid sequences were extracted using 

plasmidSPAdes. Prophages of all completeness were identified through the web-interface for 

PHASTER. Other mobile genetic elements, including MITE, insertion sequences, transposons, 

and ICE were identified using MobileElementFinder. Virulence factors were identified via 

Blastn on a custom database of the strains. AMR genes were identified using   

ResistanceFinder
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Table 13: Mobile genetic element summary 

Sample Total 
prophage 

# 
complete 
Prophage 

# 
Incomplete 
Prophage 

# 
questionable 

Prophage 

Total 
prophage 
size (kb) 

# 
Plasmids 

Plasmids 
with 
none 

Plasmids 
with VF 

Plasmids 
with 
AMR 

Plasmids 
with VF 

and AMR 

# 
Other 
MGE 

# 
Insertion 

sequences 

# 
MITE 

# 
Composite 

Tn 

# 
Unit 

transposon 

# 
ICE 

113 8 5 2 1 264.595 3 1 1 1 1 16 11 5 0 0 0 

115 6 3 1 2 143.577 2 2 0 0 0 15 11 4 0 0 0 

117 1 1 0 0 54.606 2 0 1 1 1 21 15 5 0 1 0 

118 7 3 2 2 304.956 1 1 0 0 0 16 9 5 1 1 0 

121 9 2 5 2 186.394 1 1 0 0 0 18 9 7 1 0 1 

122 7 2 4 1 171.531 1 0 1 0 0 12 7 4 0 1 0 

125 10 4 2 4 238.24 11 10 1 0 0 27 15 9 2 1 0 

126 7 4 2 1 256.496 1 0 0 1 0 21 17 2 1 0 1 

128 6 2 3 1 180.596 5 4 1 0 0 18 10 7 1 0 0 

129 5 2 3 0 123.554 3 2 1 0 0 11 5 6 0 0 0 

132 5 2 3 0 125.843 0 0 0 0 0 30 22 5 2 0 1 

133 8 2 6 0 148.041 5 4 1 0 0 21 14 5 1 1 0 

134 7 3 4 0 190.922 0 0 0 0 0 17 10 7 0 0 0 

135 6 5 0 1 182.997 2 2 0 0 0 8 5 3 0 0 0 

137 8 3 5 0 199.793 1 1 0 0 0 26 19 4 2 1 0 

139 13 6 5 2 386.096 3 1 1 1 1 20 16 4 0 0 0 

140 9 2 5 2 278.107 3 3 0 0 0 23 14 8 0 1 0 

142 3 2 1 0 98.556 2 2 0 0 0 24 16 5 2 0 1 

145 8 4 3 1 271.769 2 1 1 0 0 24 18 5 0 0 1 

146 5 3 0 2 212.037 2 2 0 0 0 17 12 4 0 1 0 

149 7 3 1 3 217.533 4 2 1 1 1 17 11 6 0 0 0 

150 7 3 4 0 174.456 2 1 1 0 0 17 12 5 0 0 0 

151 10 2 6 2 226.693 5 5 0 0 0 14 10 4 0 0 0 

152 6 3 2 1 175.029 1 1 0 0 0 20 15 4 1 0 0 

153 5 1 2 2 166.218 0 0 0 0 0 11 6 5 0 0 0 

156 4 2 0 2 190.71 1 1 0 0 0 10 6 4 0 0 0 

158 3 2 0 1 92.507 2 1 1 0 0 17 9 8 0 0 0 

159 5 2 2 1 191.976 2 2 0 0 0 25 18 5 1 0 1 

161 6 2 3 1 157.582 2 2 0 0 0 27 20 5 1 0 1 

163 2 1 1 0 72.665 4 3 1 0 0 20 16 4 0 0 0 
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Sample Total 
prophage 

# 
complete 
Prophage 

# 
Incomplete 

Prophage 

# 
questionable 

Prophage 

Total 
prophage 

size (kb) 

# 
Plasmids 

Plasmids 
with 

none 

Plasmids 
with VF 

Plasmids 
with 
AMR 

Plasmids 
with VF 

and AMR 

# 
Other 
MGE 

# 
Insertion 

sequences 

# 
MITE 

# 
Composite 

Tn 

# 
Unit 

transposon 

# 
ICE 

164 9 3 4 2 304.816 4 3 1 0 0 15 8 7 0 0 0 

168 4 2 1 1 183.137 1 1 0 0 0 21 11 6 4 0 0 

169 6 1 5 0 154.944 1 1 0 0 0 29 22 6 1 0 0 

170 8 1 5 2 225.747 4 3 1 0 0 22 14 6 2 0 0 

172 4 2 2 0 127.363 3 3 0 0 0 23 15 5 1 1 1 

174 6 2 3 1 146.99 2 1 1 0 0 21 11 8 1 1 0 

176 5 2 2 1 139.562 4 2 1 1 1 19 15 4 0 0 0 

178 7 4 3 0 210.493 6 6 0 0 0 20 16 4 0 0 0 

179 6 4 1 1 192.782 7 5 1 1 0 17 13 3 0 0 1 

180 4 2 2 0 136.911 2 2 0 0 0 9 3 6 0 0 0 

182 3 3 0 0 81.742 0 0 0 0 0 21 16 4 1 0 0 

183 6 3 1 2 165.228 6 2 2 2 0 28 17 6 4 1 0 

188 11 5 3 3 302.572 6 4 1 1 0 17 8 8 1 0 0 

190 7 2 4 1 198.206 0 0 0 0 0 23 17 5 0 0 1 

191 2 1 0 1 78.454 3 3 0 0 0 22 13 7 1 0 1 

193 4 2 2 0 141.103 6 4 2 0 0 18 9 7 1 0 1 

194 9 3 5 1 227.824 3 1 2 0 0 10 6 4 0 0 0 

195 3 1 2 0 57.202 3 2 1 0 0 5 1 4 0 0 0 

198 7 5 2 0 236.55 6 4 2 0 0 21 15 5 1 0 0 

199 7 4 2 1 204.416 4 4 0 0 0 22 18 4 0 0 0 

202 5 3 1 1 189.533 3 2 0 1 0 20 17 2 0 1 0 

204 4 3 1 0 169.423 7 5 1 1 1 18 12 3 2 1 0 

205 3 2 1 0 111.057 1 0 1 1 1 25 19 5 0 0 1 

207 5 4 0 1 224.044 4 3 1 0 0 15 9 4 2 0 0 

213 3 1 1 1 94.135 2 1 1 0 0 17 9 8 0 0 0 

215 10 6 1 3 316.312 7 6 1 0 0 12 9 3 0 0 0 

217 7 4 0 3 262.968 2 1 1 0 0 11 8 3 0 0 0 

219 6 4 2 0 218.924 4 3 1 0 0 14 6 8 0 0 0 

223 5 4 1 0 164.083 0 0 0 0 0 15 9 4 2 0 0 

224 4 2 2 0 140.826 0 0 0 0 0 24 15 7 1 0 1 

227 6 4 2 0 198.121 5 3 2 0 0 27 20 4 3 0 0 

229 6 3 1 2 181.112 1 0 0 1 0 12 8 4 0 0 0 

230 5 3 0 2 133.532 1 1 0 0 0 23 17 5 0 0 1 

231 4 2 2 0 154.354 2 0 1 1 1 27 20 5 1 0 1 

232 5 1 2 2 129.153 3 3 0 0 0 22 15 5 1 1 0 
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Sample Total 
prophage 

# 
complete 
Prophage 

# 
Incomplete 

Prophage 

# 
questionable 

Prophage 

Total 
prophage 

size (kb) 

# 
Plasmids 

Plasmids 
with 

none 

Plasmids 
with VF 

Plasmids 
with 
AMR 

Plasmids 
with VF 

and AMR 

# 
Other 
MGE 

# 
Insertion 

sequences 

# 
MITE 

# 
Composite 

Tn 

# 
Unit 

transposon 

# 
ICE 

235 5 3 2 0 125.103 1 0 0 1 0 20 16 4 0 0 0 

237 8 2 4 2 248.437 1 1 0 0 0 22 18 4 0 0 0 

239 11 2 5 4 294.187 1 0 1 0 0 33 22 8 3 0 0 

241 10 3 6 1 202.309 2 2 0 0 0 33 19 9 5 0 0 

244 7 3 4 0 181.925 2 1 1 0 
 

12 8 4 0 0 0 

245 8 3 5 0 215.525 7 5 2 0 0 25 20 5 0 0 0 

246 3 2 1 0 132.299 4 1 2 1 0 15 10 5 0 0 0 

247 6 3 1 2 143.434 5 3 1 1 0 17 10 6 1 0 0 

249 7 4 3 0 222.428 0 0 0 0 0 19 15 4 0 0 0 

253 6 2 4 0 179.919 4 2 1 1 1 26 17 6 2 1 0 

255 8 3 3 2 197.455 8 7 1 0 0 18 9 7 1 0 1 

257 7 2 4 1 200.325 3 2 1 0 0 18 14 2 1 0 1 

259 8 3 5 0 223.823 0 0 0 0 0 24 19 4 1 0 0 

262 1 1 0 0 58.164 0 0 0 0 0 26 18 8 0 0 0 

263 4 2 2 0 118.979 1 1 0 0 0 31 24 5 1 0 1 

264 5 1 3 1 136.991 4 2 1 1 0 17 12 3 2 0 0 

265 6 2 3 1 186.851 1 1 0 0 0 24 15 6 3 0 0 

266 8 2 5 1 156.47 1 1 0 0 0 21 12 9 0 0 0 

269 7 5 2 0 311.105 2 1 1 0 0 19 10 9 0 0 0 

270 6 1 3 2 137.65 0 0 0 0 0 18 14 4 0 0 0 

272 7 4 1 2 276.062 4 2 1 1 1 18 14 4 0 0 0 

273 8 5 2 1 255.011 1 0 0 1 0 12 6 6 0 0 0 

274 3 3 0 0 140.389 1 1 0 0 0 11 8 3 0 0 0 

276 4 2 1 1 140.483 2 1 1 0 0 19 13 5 0 1 0 

278 6 2 3 1 145.28 6 3 1 2 1 16 12 4 0 0 0 

279 6 2 3 1 204.977 3 2 0 1 0 20 15 5 0 0 0 

280 4 2 1 1 129.026 4 4 0 0 0 12 4 8 0 0 0 

282 3 1 2 0 66.037 1 0 1 1 1 11 3 8 0 0 0 

285 5 3 2 0 141.923 0 0 0 0 0 26 17 6 3 0 0 

286 10 3 7 0 222.801 8 7 0 1 0 27 21 5 0 0 1 

288 7 0 3 4 178.278 4 1 3 0 0 16 10 5 0 0 1 

290 3 2 1 0 154.094 1 1 0 0 0 29 15 9 5 0 0 

291 4 0 3 1 82.705 3 3 0 0 0 20 15 4 1 0 0 

292 6 2 3 1 197.734 2 1 1 0 0 15 11 4 0 0 0 

295 8 3 4 1 227.219 4 2 1 1 1 19 11 7 1 0 0 
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Sample Total 
prophage 

# 
complete 
Prophage 

# 
Incomplete 

Prophage 

# 
questionable 

Prophage 

Total 
prophage 

size (kb) 

# 
Plasmids 

Plasmids 
with 

none 

Plasmids 
with VF 

Plasmids 
with 
AMR 

Plasmids 
with VF 

and AMR 

# 
Other 
MGE 

# 
Insertion 

sequences 

# 
MITE 

# 
Composite 

Tn 

# 
Unit 

transposon 

# 
ICE 

298 7 3 2 2 244.042 1 0 1 0 0 14 8 4 1 0 1 

300 7 4 3 0 236.983 2 1 1 0 0 17 13 2 2 0 0 

302 5 4 1 0 221.216 3 2 1 0 0 25 17 7 1 0 0 

307 11 3 4 4 292.569 10 9 1 0 0 22 14 6 1 1 0 

308 8 4 3 1 183.457 5 4 1 0 0 22 15 5 2 0 0 

312 3 0 3 0 76.357 2 2 0 0 0 23 15 6 1 1 0 

313 10 4 5 1 196.075 3 3 0 0 0 11 8 3 0 0 0 

314 5 2 3 0 134.225 1 0 1 0 0 17 13 4 0 0 0 

315 8 3 4 1 216.163 4 1 2 1 1 13 8 4 0 0 1 

316 10 5 3 2 260.814 6 5 1 0 0 33 22 6 5 0 0 

317 8 3 4 1 193.052 3 3 0 0 0 17 13 2 1 0 1 

318 7 3 3 1 194.349 1 1 0 0 0 33 22 6 4 0 1 

319 8 5 2 1 221.099 0 0 0 0 0 8 4 4 0 0 0 

320 4 2 2 0 88.539 1 0 1 0 0 15 9 5 0 1 0 

324 12 5 6 1 279.571 3 2 0 1 0 25 20 4 0 1 0 

325 9 3 5 1 255.355 2 2 0 0 0 22 17 4 1 0 0 

328 7 1 2 4 374.755 1 1 0 0 0 20 16 4 0 0 0 

332 9 4 4 1 246.391 3 2 1 0 0 18 12 5 0 1 0 

333 10 2 7 1 219.278 5 3 1 1 1 18 9 6 3 0 0 

334 4 3 0 1 206.771 2 2 0 0 0 19 15 4 0 0 0 

335 9 5 4 0 302.34 5 4 1 0 0 8 4 4 0 0 0 

337 3 2 0 1 111.335 1 1 0 0 0 11 8 3 0 0 0 

338 5 2 3 0 143.084 0 0 0 0 0 17 11 5 0 1 0 

344 5 1 4 0 103.422 0 0 0 0 0 16 12 4 0 0 0 

349 8 4 1 3 335.436 6 5 1 0 0 24 13 9 2 0 0 

350 5 3 2 0 113.865 2 2 0 0 0 25 14 7 3 1 0 

351 5 1 4 0 114.135 0 0 0 0 0 26 17 8 1 0 0 

352 4 1 1 2 105.304 1 1 0 0 0 18 14 4 0 0 0 

353 7 3 3 1 206.929 2 1 0 1 0 17 8 7 1 0 1 

364 11 5 6 0 274.103 1 0 1 0 0 24 18 5 1 0 0 

366 6 4 2 0 186.832 2 2 0 0 0 23 14 8 1 0 0 

369 8 3 4 1 149.124 6 4 1 1 0 20 14 5 0 1 0 

371 8 3 5 0 229.278 2 1 1 0 0 15 10 3 2 0 0 

377 1 1 0 0 58.184 1 0 1 0 0 18 14 4 0 0 0 

380 2 0 2 0 53.958 2 2 0 0 0 14 8 4 1 1 0 
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Sample Total 
prophage 

# 
complete 
Prophage 

# 
Incomplete 

Prophage 

# 
questionable 

Prophage 

Total 
prophage 

size (kb) 

# 
Plasmids 

Plasmids 
with 

none 

Plasmids 
with VF 

Plasmids 
with 
AMR 

Plasmids 
with VF 

and AMR 

# 
Other 
MGE 

# 
Insertion 

sequences 

# 
MITE 

# 
Composite 

Tn 

# 
Unit 

transposon 

# 
ICE 

384 7 2 5 0 211.011 8 4 3 1 1 12 9 3 0 0 0 

388 9 3 5 1 251.046 1 1 0 0 0 23 16 2 4 1 0 

389 10 4 6 0 223.927 8 4 3 1 0 16 13 2 0 0 1 

390 6 2 2 2 210.977 5 3 2 0 0 13 10 3 0 0 0 

395 7 3 2 2 257.554 1 0 1 0 0 25 17 7 0 1 0 

397 6 1 3 2 143.628 8 8 0 0 0 23 17 4 1 1 0 

398 2 1 0 1 68.215 2 0 1 1 1 27 23 4 0 0 0 

399 6 3 3 0 147.137 7 5 1 1 0 12 9 3 0 0 0 

403 4 3 0 1 111.015 3 2 1 0 0 14 8 5 0 1 0 

404 3 2 1 0 108.141 2 2 0 0 0 13 10 3 0 0 0 

405 8 2 5 1 204.013 0 0 0 0 0 19 13 5 0 0 1 

409 8 3 5 0 201.273 2 2 0 0 0 22 16 4 1 1 0 

410 8 3 4 1 196.219 4 3 0 1 0 19 13 5 1 0 0 

412 5 2 3 0 129.914 No Data 
    

16 11 5 0 0 0 

414 8 3 3 2 191.624 3 1 1 1 1 19 11 7 1 0 0 

415 6 3 3 0 120.993 3 2 1 0 0 0 0 0 0 0 0 
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APPENDIX C – continued 
Table 14: Putative virulence factors for Chapter III 

Key:  
Toxin Iron 

Acquisition 
Adhesin Autotransporters Host 

Modulating 
Other 

 
Gene Name Function 

aer Aerotaxis receptor 
afaA AFA-III adhesion operon regulator 

afaB Chaperone protein afaB 

afaC Outer membrane usher protein AfaC 

afaD Protein AfaD 

afaE Afimbrial adhesin 
ast Heat stable enterotoxin 

aufA Auf major fimbrial subunit 
cba colicin B 

cdt Cytolethal distending toxin 

cea Colicin E 
cia Colicin Ia 

cib Colicin Ib 
clb Colibactin biosynthetic pathway 

clbR Regulator of colibactin 

cnf1 cytotoxic necrotizing factor 1 

csgA Major curlin subunit 

csgB Minor curlin subunit 
csgC Curli assembly Chaperone protein 

csgD CsgBAC operon transcriptional regulator 
csgE Curli assembly/transport component 

csgF Curli Transport and assembly 

cvaC Colicin V 

draA Dr hemagglutinin structural subunit 
draB Dr hemagglutinin chaperone protein DraB 

draC Dr hemagglutinin usher protein DraC 

draD Invasin protein DraD 

draE 
Dr hemagglutinin antigenic and adhesive 

subunit 

draP Linker element in Dr adhesin 

eae 
Intimin Adherence factor for intestinal 

epithelia 
eatA Autotransporter serine protease EatA 

ecpA Major subunit for E.coli common pilus 

ecpB Chaperone protein EcpB 
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ecpC Putative fimbrial usher protein 

ecpD Tip adhesin protein EcpD 
ecpE Fimbriae periplasmic chaperone protein 

ecpR 
Transcriptional regulator of ecpABCDE 

operon 

entD phosphopantetheinyl transferase 
escD T3SS inner membrane protein 

fepA Ferrienterobactin receptor 
fimA Major subunit of type I fimbriae 

fimC Chaperone protein FimC 
fimD Fimbrial usher protein FimD 

fimF Type I fimbriae minor component FimF 

fimG Type I fimbriae minor subunit FimG 
fimH Type I fimbriae minor subunit FimH 

fimI 
Noncytoplasmic protein necessary for 

fimbriae biosynthesis 

flu 
Antigen 43 Surface displayed 

autotransporter 
focG Minor fimbriae subunit FocG 

fyuA Yersiniabactin uptake receptor FyuA 
hlyA Alpha hemolysin Exotoxin 

iroB Glucosyltransferase IroB Salmochelin 

iroC Enterobactin IroC Salmochelin 

iroD Enterobactin esterase Salmochelin 

iroE Enterobactin esterase Salmochelin 
iroN Salmochelin Receptor IroN 

irp1 
Yersiniabactin polyketide synthase 

HMWP1 

irp2 
Yersiniabactin polyketide synthase 

HMWP2 nonribosomal peptidesynthetase 
iuc Aerobactin operon 

iutA Ferric aerobactin receptor IutA 

kpsD 
Polysialic acid transport protein KpsD for 

capsule 

kpsE Capsule transport protein KpsE 

kpsM 
Transport permease protein KpsM for 

capsule biosynthesis 

kpsT 
Polysialic acid transport ATP-binding 

protein KpsT 

LT Heat-labile toxin 
mchB Microcin H47 

mcmA Microcin McmA 
neuC N-Acetylglucosamine 2-Epimerase K1 
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capsule biosynthesis 

papA Pap fimbrial major pilin protein PapA 
papB Transcriptional regulator PapB 

papC Outer membrane Usher protein PapC 
papD Chaperone protein PapD 

papE Minor pili component PapE 
papF Fimbrial Adaptor protein PapF 

papGI PapG adhesin allele I 

papGII PapG adhesin allele II papGII PapG adhesin allele II 
papGIII PapG adhesin allele III 

papH P-fimbriae minor pilin PapH 

papK Fimbrial adaptor protein PapK 

pic Serine Protease autotransporter Pic 
pINV_ipaA Bacterial effector protein IpaA 

pINV_ipaD Invasin protein IpaD Secreted plasmid 
effector 

pINV_virK Plasmid associated periplasmic chaperone 
protein 

sat 
Secreted serine protease autotransporter 

Sat 
senB Enterotoxin SenB 

sfaA S-fimbrial subunit SfaA 

sfaB Putative S-fimbrial switch protein SfaB 

sfaC Putative S-fimbrial switch protein SfaC 

sfaD S-fimbriae minor subunit SfaD 
sfaE S-fimbriae chaperone protein Safe 

sfaF S-fimbriae usher protein SfaF 
sfaG S-fimbriae minor subunit SfaG 

sfaH S-fimbriae adhesin protein SfaH 

sfaS S-fimbriae minor subunit SfaS 
sta Heat stable enterotoxin Sta 

stb Heat stable enterotoxin STb 
stx1 Enterotoxin Shiga toxin type 1 

stx2 Enterotoxin Shiga toxin type 2 

tosA Repeat-in-Toxin TosA 

tsh 
Temperature-sensitive hemagglutinin Tsh 

autotransporter 

tssM Type VI secretion system protein TssM 

usp 
Uropathogenic specific protein Usp 

Genotoxin 
vat Vacuolating autotransporter toxin Vat 

yadC Tip adhesin protein YadC 
yadK Putatitive chapterone usher fimbrial 
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protein YadK 

yadL 
Putative chaperone user fimbrial protein 

YadL 
yadM Fimbrial protein YadM 

yehA Fimbrial protein YehA 

yehB Fimbrial protein YehB 
yehC Fimbrial protein YehC 

yehD Fimbrial Protein YehD 
yehE Fimbrial Protein YehE 
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APPENDIX D 
KMERS FOR ANTIMICROBIAL RESISTANCE 

This appendix section contains details of the Kmers associated with antimicrobial resistance, 
described in Chapter IV. Kmers were identified from the GWAS, and analyzed using BLAST 
to determine what gene(s) they were part of. For brevity, the top 20 most significant Kmers 
for each antibiotic are included here. 

Antibiotic Annotation Kmer P-value 

Amp Class A Beta 
Lactamase 

TTAACTGGCGAACTACTTACTCTAGCTTCCCGGCAACA 
3.01E-115 

Amp Class A Beta 
Lactamase 

GCCAACTTACTTCTGACAACGATCGGAGGACCGAAGGA
G 

1.05E-114 

Amp Class A Beta 
Lactamase 

TACTCACCAGTCACAGAAAAGCATCTTACGGATGG 
1.05E-114 

Amp Class A Beta 
Lactamase 

ATGACAGTAAGAGAATTATGCAGTGCTGCCATAACCAT
GAGTGATAACACTGC 

1.05E-114 

Amp Class A Beta 
Lactamase 

TAGCAGAACTTTAAAAGTGCTCATCATTGGAAAACG 
1.05E-114 

Amp Class A Beta 
Lactamase 

GGAAGCTAGAGTAAGTAGTTCGCCAGTTAATAG 
5.77E-113 

Amp Class A Beta 
Lactamase 

GGCAGCACTGCATAATTCTCTTACTGTCATGCCATCCGT
AAGATGCTTTTCTGTGACTGGT 

1.52E-112 

Amp Class A Beta 
Lactamase 

AACTTTAAAAGTGCTCATCATTGGAAAACGTTCTTCGG
GGCGAAAACTCTCAAGGATCTTACCGCTGTTGAGATCC

AGTTCGATGTAACCCACTCGTGCACCCAACTGATCTTCA
GCATCTTTTACTTTCACCAGCGTTTCTGGGTGAGCAAA
AACAGGAAGGCAAAATGCCGCAAAAAAGGGAATAAGG

GCGACACG 

1.61E-112 

Amp Class A Beta 
Lactamase 

TAAATGCTTCAATAATATTGAAAAAGGAAGAGTATGAG
TATTCAACATTT 

1.61E-112 

Amp Class A Beta 
Lactamase 

CGTAAGATGCTTTTCTGTGACTGGTGAGTACTCAACCA
AGTCATTCTGAGAATAGTGTATGCGGCGACCGAGTTGC

TCTTGCCCGGCGTCAACACGGGATAATACCGC 
1.79E-112 

Amp Class A Beta 
Lactamase 

CCAATGATGAGCACTTTTAAAGTTCTGCTATGTGG 
1.79E-112 

Amp Class A Beta 
Lactamase 

CGAACTACTTACTCTAGCTTCCCGGCAACAATTAATAG
ACT 

3.02E-112 

Amp Class A Beta 
Lactamase 

CTTCTGACAACGATCGGAGGACCGAAGGAGCTAACCGC
T 

3.41E-112 

Amp Class A Beta 
Lactamase 

TTTTGCACAACATGGGGGATCATGTAACTCGCCTTGAT
CGTTGGGAACCGGAGCTGAATGAAGCCATACCAAACGA

CGAGCGTGACACCACGA 
3.41E-112 

Amp Class A Beta 
Lactamase 

AGTTTGCGCAACGTTGTTGCCATTGCTGCAGGC 
3.41E-112 

Amp Class A Beta 
Lactamase 

ACGATCGGAGGACCGAAGGAGCTAACCGCTTTTTTGCA
CAACATGGGGGATCATGTAACTC 

4.44E-110 

Amp Class A Beta 
Lactamase 

CCATACCAAACGACGAGCGTGACACCACGATGCCTGCA
GCAATGGCAACAACGTTGCGCAA 

5.55E-110 

Amp Class A Beta TGCAGCAATGGCAACAACGTTGCGCAAACTATTAACTG 5.83E-110 
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Lactamase GCGAACTACTTACTCTAGCT 

Amp Class A Beta 
Lactamase 

CTCTAGCTTCCCGGCAACAATTAATAGACTGGATGGAG
GCGGATAAAGTTGCAGGACCACTTCTGCGCTCGGCCCT
TCCGGCTGGCTGGTTTATTGCTGATAAATCTGGAGCCG

GTGAGCGTGGGTCT 

7.41E-107 

Amp Class A Beta 
Lactamase 

CATCTGGCCCCAGTGCTGCAATGATACCGCGAGACCCAC
GCTCACCGGCTCCAGATTTATC 

9.89E-105 

Cipro gyrA TAATCGGTAAATACCATCCCCATGGTGACTTGGCGGT 2.24E-78 
Cipro gyrA CGGCGGTTTATGACACGATCGTCCGTATGGC 7.49E-63 
Cipro gyrA TAATCGGTAAATACCATCCCCATGGTGACTCGGCGGT 4.73E-59 
Cipro gyrA ATAAACCGCCAAGTCACCATGGGGATGGTATTTA 1.65E-54 
Cipro gyrA CATAAACCGCCGAGTCACCATGGGGATGGTA 1.23E-53 
Cipro gyrA ATAAACCGCCGAGTCACCATGGGGATGGTATTTA 1.05E-52 
Cipro parC ATATCGCCGTGCGGATGGTATTTACCCAGTA 8.69E-50 
Cipro 

gyrA 
CCATACGGACGATCGTGTCATAAACCGCCGAGTCACCA

TGGGGATGGT 6.25E-49 
Cipro 

gyrA 
AGAATGGCTGCGCCATACGGACGATCGTGTCATAAACC

GCC 4.81E-40 
Cipro 

gyrA 
TACCATCCCCATGGTGACTTGGCGGTTTATAACACGAT

CGTCCGTATGGCGCAGCCATTCT 4.72E-31 
Cipro parC CTATCGCCGTGCGGATGGTATTTACCCAGTA 3.11E-30 
Cipro 

parC 
ACTGGGTAAATACCATCCGCACGGCGATATCGCCTGTT

ATGAAGCGATGGTCCTGATGG 6.77E-22 
Cipro parC TCGCCTGTTATGAAGCGATGGTCCTGATGGC 6.88E-19 
Cipro 

gyrA 
TACCATCCCCATGGTGACTTGGCGGTTTATGACACGAT

CGTCCGTATGGC 1.13E-18 
Cipro Fimbrial 

usher 
protein 

GATGCAAACTGGACGCCTCCTGAACTTTGGAATCATGG
TATTGCTGGGGCATTTCT 1.14E-13 

Cipro Fimbrial 
usher 

protein 
TTGAAAAAACTCAGCAAAACCTGATCGATGGTTGTTAC

C 1.14E-13 
Cipro parE TGCGCCGCGATGGTCAGGTTTATAACATCGCC 3.69E-13 
Cipro Fimbrial 

usher 
protein 

ACAAAGATGCAAACTGGACGCCTCCTGAACTTTGG 
7.89E-13 

Cipro Fimbrial 
usher 

protein 

ATTTGTTTTTCTTTTTCGATAGGGTAACAACCATCGAT
CAGG 

7.89E-13 
Cipro Fimbrial 

usher 
protein 

TTAACCATGCCTGAGGTGCAGATATGGATAA 
7.89E-13 

TMP-SMX Plasmid 
based - dfrA 

GATGCCCGAGGCATAGACTGTACAAAAAAACAGTCATA
ACAAGCCATGAAAA 1.25E-107 

TMP-SMX Plasmid 
based - dfrA 

CTGCTTGGATGCCCGAGGCATAGACTGTACAAAAAA 
2.47E-107 

TMP-SMX Plasmid TTTTTTTGTACAGTCTATGCCTCGGGCATCC 1.07E-103 
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based - dfrA 

TMP-SMX Plasmid 
based - dfrA 

TAACTTTGTTTTAGGGCGACTGCCCTGCTGC 
1.92E-102 

TMP-SMX Plasmid 
based - dfrA 

ATAACATCAAACATCGACCCACGGCGTAACGCGCTTGC
TGCTT 1.13E-100 

TMP-SMX Plasmid 
based - dfrA 

AAAAAACAGTCATAACAAGCCATGAAAACCGCCACTGC
GCC 2.09E-97 

TMP-SMX Plasmid 
based - dfrA 

GTTACGCCGTGGGTCGATGTTTGATGTTATGGAGCAGC
AACGATGTTACGCAGCAGGGCAGTCGCCCTAAAACAAA

GTT 2.09E-97 
TMP-SMX Plasmid 

based - dfrA 
TCTATGCCTCGGGCATCCAAGCAGCAAGCGCGTTACGCC

GTGGGTCGA 5.01E-97 
TMP-SMX Plasmid 

based - dfrA 
GCGTGGAGACCGAAACCTTGCGCTCGTTCGCCAGCCAG

GACAGAAATGCCTCGACTTCGCT 6.56E-97 
TMP-SMX Plasmid 

based - dfrA 
CAAAAAAACAGTCATAACAAGCCATGAAAACC 

4.47E-94 
TMP-SMX Plasmid 

based - dfrA 
GTACAGTCTATGCCTCGGGCATCCAAGCAGCAAGCG 

7.04E-94 
TMP-SMX Plasmid 

based - dfrA 
AACCGAACAGGCTTATGTCCACTGGGTTCGTGCCTTCA

TCCGTTTCCACGGTGTGCGTCACCCGGCAACCTTGGGCA
GCAGCGAAGTCGAGGCATTTCTGTCCTGGCTG 8.98E-94 

TMP-SMX Plasmid 
based - dfrA 

CGAACGAGCGCAAGGTTTCGGTCTCCACGCATCGTCAG
GCATTGGCGGCCTTGCTGTTCTTCTACGGCAAGGTGCT

GTGCACGGATC 8.98E-94 
TMP-SMX Plasmid 

based - dfrA 
CTGTAATGCAAGTAGCGTATGCGCTCACGCAACTGGTC
CAGAACCTTGACCGAACGCAGCGGTGGTAACGGCGCAG

TGGCGGTTTTCATGGCTTGTTAT 1.78E-90 
TMP-SMX Plasmid 

based - dfrA 
AAACGATGCTCGCCTTCCAGAAAACCGAGGATGCGAAC

CACTTCATCCGGGGTCAGCACCA 1.33E-81 
TMP-SMX Plasmid 

based - dfrA 
TCTTCTACGGCAAGGTGCTGTGCACGGATCTGCCCTGGC
TTCAGGAGATCGGAAGACCTCGGCCGTCGCGGCGCTTG

CCGGTGGTGCTGACCCCGGATGAAGTGGTTCGCA 2.41E-79 
TMP-SMX Plasmid 

based - dfrA 
CAGTTGCAAACCCTCACTGATCCGCATGCCCGTTCCATA
CAGAAGCTGGGCGAACAAACGATGCTCGCCTTCCAGAA

AACCGAGG 2.41E-79 
TMP-SMX Plasmid 

based - dfrA 
GGCATGCGGATCAGTGAGGGTTTGCAACTGCGGGTCAA
GGATCTGGATTTCGATCACGGCACGATCATCGTGCGGG
AGGGCAAGGGCTCCAAGGATCGGGCCTTGATGTTACCC
GAGAGCTTGGCACCCAGCCTGCGCGAGCAGCTGTCGCG
TGCACGGGCATGGTGGCTGAAGGACCAGGCCGAGGGCC

GCAGCGGCGTTGCGCTTC 1.05E-76 
TMP-SMX Plasmid 

based - dfrA 
AGGCCGAGGGCCGCAGCGGCGTTGCGCTTCCCGACGCCC

TTGAGCGGAAGTATCCGCGCG 3.16E-74 
TMP-SMX Plasmid 

based - dfrA 
CCGACGCCCTTGAGCGGAAGTATCCGCGCGCCGGGCATT

CCTGGC 3.67E-69 

 
MODEL DETAILS FOR POLYGENIC SCORE DEVELOPMENT 

This appendix section contains details of the Kmers going into the PGS described in 
Chapter IV. Kmers are from the GWAS ran with aligned reads to UTI89. Sequences were 
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analyzed using BLAST to determine the locus. The key below designates what models the 
Kmers were used in for the PGS. 
 
Key for Model the Kmer is affiliated with: 
A: P<0.1, r2=0.5; B: P<0.1, r2=0.25; C: P<0.1, r2=0.1; 
D: P<0.05, r2=0.5; E: P<0.05, r2=0.25; F: P<0.05, r2=0.1; 
G: P<0.01, r2=0.5; H: P<0.01, r2=0.25; I: P<0.01, r2=0.1; 
J: P<3.4E-8, r2=0.5; K: P<3.4E-8, r2=0.25; L: P<3.4E-8, r2=0.1 
 
Table 15: List of Kmers in Models 

Models in ID No. Locus Sequence 
A, B, D, E, G, 
H, J, K, L 

826455 DUF3251 AAAGATGTTGCGGGACGCACAATATCGCCCC 

A, D, G, J  861720 DUF3251 GAAGATGTTGCGGGACGCACAATATCGCCCC 
A, D, G, J  1842382 DUF3251 GACGGGGAAGATGTTGCGGGACGCACAATATCGCCC 
A, B, C, D, E, 
F, G, H, I  

473846 DUF3251 GTGATGTAAGCGGAGTAACAAAATGACGGAAAAGATGTTGCGG
GACGCACAATATCGCCC 

A, B, C, D, E, 
F 

1423377 DUF3251 GGGGCGATTTTGTGCGTCCCGCAACATCTTTCCCG 

A, B, C  46381 DUF3251 ACTTTTACTATCAATCTGGGTGATGTAAGCAGAGTAACAAAATGA 
A, B, C  783132 DUF3251 AAACGTATTGCGGGGCGATTTTGTGCGTCCCGCAACATC 
A, B, C  966200 DUF3251 TATAGCGGGGCGATTTTGTGCGTCCCGCAACATC 
A 1044181 DUF3251 AGATTGATAGTAAAAGTTTGCAACAAGGGTG 
A, B, C, D, E, 
F, G, H, I, J, K, 
L 

1324364 gyrB TACAAAATCATGCAAATTCAATATATTGCAAGA 

A, B, C, D, E, 
F  

1160207 gyrB AAATTCAATACATTGCAAGATTTTCGTAGGCCTGATAAGCG 

A, B, C, D, E, 
F  

1280215 gyrB CTGATGCGCTACGCTTATCAGGCCTACGTGA 

A  485788 gyrB TGCGCTACGCTTATCAGGCCTACGAGACTCGTGCAATATATTGA
ATTTGCATGATTTTGTA 

A 1702912 gyrB GATCAGACGTTAACGCCGCATCCGGCAAGAAGCT 
A, B, C, D, E, 
F, G, H, I, J, K, 
L 

1088120 hchA GCATGGCGCACTTATTGGTTTACCAGAAAGC 

A, D, G 1965326 hchA GACGTGGCTGCCGCTTTACAGTGGGCAATCAAAAAT 
A, B, D, E  1055215 hchA CTTTCTGGTAAACCAATAAGTGCGCCATGCCCACCAGGAACAA

AG 
A, B, D, E  1627068 hchA GCAAAGGGAGATAACAAAACGGTCATTTTTGAT 
A, B, C, D, E, 
F, G, H, I 

648534 hspQ AGGCGAAAACCTTCCGGGGATATGTTTAAGGATTAGTTACGCA
GACGCG 

A, B, C  714923 hspQ CGGAAGGCGAAAACCTTCCGGGGATTTGTTTAGGGATTAGTTA
CGCAGACGCG 
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A, B, C, D, E, 
F, G, H, I, J, K, 
L 

823987 hypothetical 
protein 

GATAAAGCCATTACCACTCAAACTAATACTTGGGCTAGTAATAAT
CAATCCATCCTGAAAGAACGCGCG 

A, D  1197318 hypothetical 
protein 

AATAATCAATCCATCCTGAAAGAACGCGCGCGG 

A, B, C  109335 hypothetical 
protein 

CATTACCACCCAAATCAATGCCTGGGCCTTCAA 

A, D, G, J, K, L 136858 intergenic 
hchA/porin 

ACAACATTCCACAGCACTAAATCTCTCCCCATCGCCCC 

A, B, C, D, E, 
F, G, H, I  

149474 intergenic 
hchA/porin 

ACAACATTCCACAGCACTAAATCTCTCCCTG 

A, B, C, D, E, 
F, G, H, I  

448615 intergenic 
hchA/porin 

CCACAGCACTAAATCTCTCCCCATCGCCCCG 

A, B, C 1113977 intergenic 
hchA/porin 

TAGAAATATTTGCAAAAATAGTGCATGAAAAAA 

A, B, C, D, E, 
F, G, H, I, J, K, 
L 

301430 iraD ATGAAATAACAGTGCAGAACGCAGCTGACGGCAATACCAGC 

A, B, C, D, E, 
F, G, H, I, J, K, 
L 

1555238 iraD AAACATCTCCAGAGCTGGTATTGCCGTCAGCT 

A, B, C, D, E, 
F, G, H, I, J, K, 
L 

1562593 iraD CGACAAACATCTCCAGAGCTGGTATTGCCGTCAG 

A, B, C, D, E, 
F, G, H, I, J, K, 
L 

1651521 iraD AGAACGCAGCTGACGGCAATACCAGCTCTGGAGATGT 

A, B, C, D, E, 
F, G, H, I, J, K, 
L 

1662497 iraD CAGAGCTGGTATTGCCGTCAGCTGCGTTCTGC 

A, B, C, D, E, 
F, G, H, I, J, K, 
L 

1662972 iraD GAGCTGGTATTGCCGTCAGCTGCGTTCTGCAC 

A, D, G  1825441 iraD CAGGCATGCCCGAGTGGCAAGTGCATAACCCGAGCGACAA 
A, B, D, E  384241 iraD GTTATTTCATGAGCCACGGATTGCGGCGTTACAGGTTAATTTGA

AAGAAGC 
A, D 541228 iraD GTGGCTCATGAAATAAAAGCGCGGAACGTAACTGGCGGCAATA

CCA 
A, B, D, E, G, 
H, J, K, L 

1640464 IS3 
transposase 

AGCAGTAAGACTTCCCTCCTGGTATTGCTTG 

A, D, E, F, G, 
H, I 

1892837 IS3 
transposase 

AAGTTCAGAGGCAGGAACGACCTGTTCTCCAGC 

A, B, D, E, G, 
H 

1640463 IS3 
transposase 

AGCAGTAAGACTTCCCTCCTGGTATTGCTTA 

A, D, G  1766784 IS3 
transposase 

ATGGTGTGGCAGCCAGTTATTTCTCTGGCGCA 
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A, D, G  1899328 IS3 
transposase 

GGAGAACAGGTCGTTCCTGCCTCTGAACTTGCT 

A, B, C  430209 IS3 
transposase 

TTCAGAGGCAGGAACGACCTGTTCTCCAGCGGCCACAGCAGT
AAGACTTCCCTCCTGG 

A, B, C  1666070 IS3 
transposase 

CTCTCCTGCGGCCACAGCAGTAAGACTTCCC 

A 1766782 IS3 
transposase 

ATGGTGTAGCAGCCAGTTATTTCTCTGGCGCA 

A, B, C, D, E, 
F, G, H, I, J, K, 
L 

1412695 lnt TGCCGCTGTACTGATGAGTCTGCGTCAGCTACGCAAACGTT 

A, B, C, D, E, 
F, G, H, I, J, K, 
L 

1419107 lnt AGCTGACGCAGACTCATCAGTACAGCGGCAA 

A, B, C, D, E, 
F, G, H, I  

1412697 lnt CGCTGTACTGATGAGTCTGCGTCAGCGACGCAAACGTTAATGT
GCCTGATGCGCGAC 

A, B, C, D, E, 
F, G, H, I  

1801323 lysozyme ACCTTCCTTTTCATCCAGAAACTGGTCGAGA 

A, B, C 648116 lysozyme GAAAAAGAAGGTAACCACACTACGGCATACCG 
A, B, C, D, E, 
F, G, H, I, J, K, 
L 

1602790 mfd GAAACGCCCCCGATCTTACCATTAAGCGATCGCGTT 

A, B, C, D, E, 
F, G, H, I, J, K, 
L 

1607803 mfd TCGCTTAATGGTAAGATCGGGGGCGTTTCTGCGCCCCCAT 

A, B, C, D, E, 
F, G, H, I, J, K, 
L 

1615351 mfd ATCGCTTAATGGTAAGATCGGGGGCGTTTCT 

A, B, C, D, E, 
F, G, H, I, J, K, 
L 

2010491 mfd CTGGAAGAGAACGCGATCGCTTAATGGTAAGATCGGGGG 

A, B, C, D, E, 
F, G, H, I  

581940 mfd GAAACGCCCCCGATCTAACCATTAAGCGATCGCGTT 

A, B, C 2008788 mfd ATCTAACTATTAAGCGATCGCGTTCTCTTCCAGTT 
A, B, C, D, E, 
F, G, H, I  

1635093 narZ GGAACTCGGACCGACGGAGGGAATCAAACCAGAAGAA 

A, D, G, H, I  2006061 narZ GAGGAACTCGGAGCGACGGGGGGAATCAAAC 
A, B, C, D, E, 
F 

216160 narZ TGCCACTCGACTTCTTCCGGTTTGATTCCCCCCGTCGCT 

A  1508780 narZ AACCGAAAGTGGGATTCAGGGTCAGGAACTCGGA 
A, B, C, D, E, 
F, G, H, I, J, K, 
L 

1718976 ompK ATACACCAGACAATTCATTTTTATTAAGAATGAC 

A, B, C  947305 ompK ATATTTAAAGGTGAATGGCAAAGCGTGATGAAGATCGCAGATTA
CTT 

A, B, C  1087018 ompK GACTCAGAAAGTATATTTAAAGGTGAATGGCAAA 
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A, B, C  1832656 ompK TGGTCATTCTTAATAAAAATGAATTGTCTGATGTATTAATTCCTATG
GAATCATAA 

A, B 494179 ompK CAGAAAGTATATTTAAAGGTGAATGGCAAAGCGTGATG 
A, B, C, D, E, 
F, G, H, I  

1295238 papX CCGGCACAGCGTACAGATAAATTCCCGCAGGTAAAAGAACAT 

A, B, C, D, E, 
F, G, H, I  

1308668 papX GTATGACAGAGTAGTCCCGGCACAGCGTACGGATAAATTCCC
GCAG 

A, D, G 956303 papX CTACAATTTATTCCTACCTGATTTCTGTATGAC 
A, D, G, J, K, L 1150103 phoH CAAAGTGACGAGATGACTACCGGAGGAGAAA 
A, B, C, D, E 
F, G, H, I 

298690 phoH GAAAAGAAAGGAAGTGAGAAAAATGCAAAGTGACGAGA 

A, B, C, D, E, 
F, G, H, I  

305682 phoH TCGGTAACACATGAAAAGAAAGGAAGTGAGGAAAAT 

A, D, G 1552612 phoH TACGCGCACCGTTTACGGCGTCGGTAACACA 
A, B, C, D, E, 
F 

1393149 phoH CACCACTCGCGGAGATTTCTCCTCCGGTAGC 

A, B, C, D, E, 
F  

1920007 phoH TTCCTTTCTTTTCATGTGTTACCGACGCCGCAAACG 

A, B, C, D, E, 
F, G, H, I  

321742 pitB ACCACCCGCAATGACCAGGCCGACGATAGGGGAA 

A, D, G 886406 pitB ACGCTACTGGAGCGGGACGAAAAAGCGTGAC 
A, B, D, E  1072855 pitB ACGAAAAAGCGTGACCGTATTCACCGCATTCC 
A 1244178 pitB GATGGGAGAGACAATGAGTGAAGAGAAAATCTTGGT 
A, B, C, D, E, 
F, G, H, I, J, K, 
L 

721633 plasmid TonB 
dependent 
hemoglobin 
transport 

TATTGATATGTTATAACATATCATTTTATTAATGCA 

A, D, G  488526 plasmid TonB 
dependent 
hemoglobin 
transport 

CATAGAAGAATGACTGGTCTCTGCCTGTAACCCTA 

A, D, G  912257 plasmid TonB 
dependent 
hemoglobin 
transport 

AACGTCATTTGTACATTAATCATACTCCCGAT 

A, B, C, D, E, 
F, G, H, I  

1939209 preT GCGGAGTTAGAGCCGCAGCGTAACACCATCAA 

A, B, C 1539829 preT ATCGTTAGTTCACCCGGTAAACGAACATGCTTAAAGGTGACT 
A, B, C, D, E, 
F, G, H, I, J, K, 
L 

1244216 rpoC GTTTTTTTATGGGTGTTATTCAGAGGGCAAATCTTCACGGAA 

A, B, C, D, E, 
F, G, H, I  

1229614 rpoC AATTCCGTGAAGATTTGCCCTCTGAATAACAC 

A, D, G 931886 rpoC TATGGGTGTTATTCAGAGGGCAATTCTTCACGGAA 
A, B, C, D, E, 
F 

1695200 rpoC GCCCTGCCTTTCTTAATAATTCCGTGAAGAATTGCCCTCTGAATA
AC 
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A, B, C  137878 rpoC TTCCGTGAAGAATTGCCCTCTGAATAACCCCCATAAAAAAACC
CGCCGAAGCGGGTTTT 

A, B 144556 rpoC AGAGGGCAATTCTTCACGGAAATATTAAGAAAGGCAGGGC 
A 163012 rpoC TCTTCACGGAAATATTAAGAAAGGCAGGGCGAAACGA 
A  1603079 rpoC GGAAATATTAAGAAAGGCAGGGCGAAACGAGGAAG 
A  1708053 rpoC TTGCCCTCTGAATAACACCCATAAAAAAACCCGCCGAAGC 
A, B, C, D, E, 
F, G, H, I, J, K, 
L 

1691836 sdhB TAATGCGTAAACCTAGGCCTGATAAGACGCACAAGCGTCGCAT 

A, B, C, D, E, 
F, G, H, I  

1900616 sdhB AGGCCTGATAAGACGCGCAAGCGTCGCATCCGGCA 

A, B, D, E, G, 
H 

1720204 sdhB TAATGCGTAAACCCAGGCCTGATAAGACGCACAAGCGTCGCA
TC 

A, D, G,  1777166 sdhB TTGCAACGTAATGCGTAAACCCAGGCCTGATAAGAC 
A, D, G,  1788074 sdhB TCAGGCCTGGGTTTACGCATTACGTTGCAACAACATCGA 
A, B, C, D, E, 
F,  

830934 sdhB GGCGTTCACGCCGCATCCGGCAATCAACGCATGATGCGACG
CTTGCGCGTCTTATCAGGCC 

A, B, D, E, F,  1654621 sdhB GAAGGGGCTGAACCCGACGCGCGCCATCGGCCATAT 
A, B, C,  373145 sdhB ATTACGTTGCAACAACATCGACTTGATATGACCGATGGCGCGC

GTCGGGTTCAG 
A, B, C,  1654622 sdhB GAAGGGGCTGAACCCGACGCGCGCCATCGGTCATATC 
A, B, C, D, E, 
F, G, H, I, J, K, 
L 

1386069 sulfatase-like 
hydrolase 

TTCGTTACGCCCTAAGGCAACATCTTTGCCTGAAGGAA 

A, B, C, D, E, 
F, G, H, I,  

1233970 transposase GGTGCCGATCAGCCCGTACAACAGTGCTCCTCGCTCGCCGC
CGTGATCGCTGCCGAAGAAC 

A, D, G,  544594 transposase TCAGTCGGCAGGTGCCGATCAGCCCGTACAACAG 
A, B, D, E, G, 
H, J, K, L 

71920 trpCF CCACCGTAAATCGCGCCCGCGTCATAAGCTGCTTTAGCATCTT
G 

A, B, D, E, G, 
H, J, K, L 

114517 trpCF AGCTTATGACGCGGGCGCGATTTACGGTGGG 

A, B, C, D, E, 
F, G, H, I,  

106980 trpCF CGCAACGCGGTGATGTCGCAACAAAAATCAGCCCACCGTAAA
TCGCGCCCGCGTCATAAGC 

A, B, C, D, E, 
F, G, H, I,  

811005 trpCF TATGTGGCCTGACGCGTGGGCAAGATGCTAAA 

A, B, C, D, E, 
F, G, H, I,  

1151642 trpCF GCCCGCGTCATAAGCTGCTTTAGCATCTTGCCCAC 

A, B, C, D, E, 
F, G, H, I,  

1154162 trpCF CGTCATAAGCTGCTTTAGCATCTTGCCCACG 

A, B, C, D, E, 
F, G, H, I,  

1788377 trpCF CGCAACAAAAATCAACCCACCGTAAATCGCGCC 

A, B,  1791845 trpCF GTAACAAAAATCAACCCACCGTAAATCGCGCC 
A, B, C, D, E, 
F, G, H, I, J, K, 
L 

2009907 ulaA TAATTCCACACGGATAGAGTGGGATTCACACAACGAAACAA 
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A, B, C, D, E, 
F,  

2016267 ulaA ATGGATAGAGTGGGATTCACACAACGAAACAA 

A, D,  1230012 ulaA AATGAATAATTGTTTCGTTGTGTGAATCCCACTC 
A,  1481727 ulaA TAAATGTGACGCGACCCGCAAATAATTCCACA 
A, B, C, D, E, 
F, G, H, I, J, K, 
L 

1909950 uxuR AATGTGGCAGCATCTGGAAAACGTTAAGCAACGTCT 

A, B, D, E, G, 
H,  

1119924 uxuR GGCGAAGCTGGCAATGTGGCAGCATCTGGAAAA 

A, B, C,  1585751 uxuR CAAGGCGTTAATTCGCAAAGATCCTCATGCTGC 
A, D, G, J, K, L 1193526 wcaM TGGCAAAGCGTAAAACACTGCTGTCTCTTGCAAATGTT 
A, D, G, J, K, L 1199989 wcaM CAAGAGACAGCAGTGTTTTACGCTTTGCCATAAA 
A, B, C, D, E, 
F, G, H, I,  

208485 wcaM ACACTGCTGTCACTTGCAAATGTTCATGCGATGAATGAAA 

A, B, C, D, E, 
F, G, H, I,  

1212718 wcaM AGACAGCAGTGTTTTACGCTTTGCCATAAAG 

A, B, C, D, E, 
F, G, H, I,  

1215598 wcaM CAGCAGTGTTTTACGCTTTGCCATAAAGACG 

A, B,  785145 wcaM TGAATGAAAGAGGGCAAAGCTCCGTCGATATCGACAGG 
A, B,  1409333 wcaM CCACATTAACAATATGGTGATTAATCCTGTCGAT 
A, B, C, D, E, 
F, G, H, I,  

954617 WGR and 
DUF4132 

ACCCAAGAGCAAAACCAGGTAAAAAGCTTTGCTGATGC 

A, B, D, E, G, 
H, I,  

1367936 WGR and 
DUF4132 

GCTTTGCCCGTTAGTGCCGACTTTGCCCCAAC 

A, B, C, D, E, 
F,  

812509 WGR and 
DUF4132 

TAAAAAGCTTTGCTGATGCGGCGGCGGCGGAAAAAGCGGAGC
TGAAGTTG 

A, B, C, D, E, 
F, G, H, I, J, K, 
L 

193147 yceM 
gfo/idh/mocA 
oxidoreducta
se 

ACTCTCGAAAGCGGTACGTTGCTGACCAATGAGTCCGGCGAA
ATGCTGTTTGCCGAGCACC 

A, B, C,  1577863 yceM 
gfo/idh/mocA 
oxidoreducta
se 

ATACAGGTGGTGATCTGCAAAGGACCAGCCAAAAAATGGTGCT
CGGCAAACAGCATTTCGC 

A, B, C, D, E, 
F, G, H, I, J, K, 
L 

554420 yfbL 
metallopepti
dase 

CGAAAACAGGCGTGCAGCTGGTCGCCTATGCGTCGGAA 

A, B, C, D, E, 
F, G, H, I, J, K, 
L 

570369 yfbL 
metallopepti
dase 

CAGCAAGCACCGAAAACAGGCGTGCAGCTGGTCGCCT 

A, D, G,  1526082 yfbL 
metallopepti
dase 

TCTTCCGACGCATAGGCGACCAGCTGCACGCC 

A, B, C, D, E, 
F,  

770760 yfbL 
metallopepti
dase 

CAGCTGATCGCCTATGCGTCGGAAGAACCGCCCTTCT 
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A, B, D, E,  772338 yfbL 
metallopepti
dase 

AGAAGGGCGGTTCTTCCGACGCATAGGCGACCAG 

A, B, C, D, E, 
F, G, H, I,  

1045738 ygcR AGTTGCAGACACTGCATCGCTGGCAATTCGACA 

A, B, D, E, G, 
H,  

1404337 ygcR GCAACTGGCAAGAGCAGAGCAACGACGCGGAGCG 

A, B, D, E, G, 
H,  

1405838 ygcR CAATCAGCGTCGCTCCGCGTCGTTGCTCTGCTCTTGCCA 

A, B, D, E, G, 
H,  

1423125 ygcR CTGGCAAGAGCAGAGCAACGACGCGGAGCGA 

A, D, G,  1730241 ygcR CTTGCCAGTTGCAGACACTGCATCGCTGGCA 
A, D, E, F,  1291273 ygcR TTGCTGCCGAATCGCCAGCGATGCAGTGTCTGCAACTGGCAA 
A, D, E, F,  1392435 ygcR AGTGTCTGCAACTGGCAAGAGCAGAGCAACA 
A, B, C,  953182 ygcR ACGGATAATTTCTGCTTTCCCCGCCGCCATACGCTGGCGCATT

CCCGGTACTGGCAAGGCC 
A,  924856 ygcR GCAACGACGCGGAGCGACGCTGATTGATGGGCAAAC 
A,  1019965 ygcR AAACTGTTGCTGCCGAATCGCCAGCGATGCAGTGTC 
A,  1415315 ygcR CCATCAATCAGCGTCGCTCCGCGTCGTTGCTCT 
A,  1420917 ygcR CAGAGCAACGACGCGGAGCGACGCTGATTGA 
A, B, C, D, E, 
F, G, H, I, J, K, 
L 

78272 ygcS GTGCGTCAGAACTAATCCCAGCAGCGCGCCCACAATTAACAA
CGC 

A, B, C, D, E, 
F, G, H, I, J, K, 
L 

789908 ygcS CAGCGTAATCAGCAAGGCTGGTAACGCCGCTGATGCCAGCAG
CCAGCGCCAGGCCTCC 

A, B, C, D, E, 
F, G, H, I, J, K, 
L 

1787089 ygcS TAGCAGCGTAATCAGCAAGGCTGGTAACGCCGC 

A, B, C, D, E, 
F, G, H, I,  

1601000 ygcS CAAAAAACTTCCCAGCAAAAACTTGCGATGTGCCAGCAGGTGC
GTCAGAACT 

A, D, G,  2018949 ygcS CCCGGAGGCCTGGCGCTGGCTGCTGGCATCAGC 
A, B, C, D, E, 
F,  

570167 ygcS ACTATTGGTCTGGAAGATGCGCTGACAGCTAGCCTGATGCTTA
ATGCGTTGTTAATT 

A, B, C, D, E, 
F,  

925632 ygcS TAGCAGCGTAATCAGCAAGGCTGGTAACGCTGCTGATGCCAG
CAGCCAGCGCCAGGCCTCC 

A, B,  893982 ygcS AGCTGCCGATGCCAGCAGCCAGCGCCAGGCCTC 
A, B, C, D, E, 
F, G, H, I, J, K, 
L 

845048 yjiA GACTGGGCGATGGTGAACTGGTTCATCTGCTC 

A, B, C,  100703 yjiA TCGCAGGTGAAGCAGAAAAACTGCGCGAACGCCTGGCACGC
ATCAACGCCCGCGCA 
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