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Abstract

Molecular epidemiology of the multidrug-resistant Escherichia coli sequence type 131-H30
lineage among U.S. children

Arianna Danielle Miles-Jay

Chair of the Supervisory Committee:
Janet Baseman
Epidemiology

Escherichia coli sequence type 131-H30 is a globally important pathogen implicated in ris-
ing rates of antimicrobial resistance among extraintestinal E. coli infections. H30 causes
both community- and healthcare-associated infections, and is associated with resistance to
several commonly used antimicrobial agents. This dissertation addresses several knowl-
edge gaps about the epidemiology and transmission dynamics of H30 among U.S. children
through the integration of high-resolution molecular data from clinical extraintestinal E.
coli isolates with patient epidemiologic data. I observed that although H30 is less com-
mon among extraintestinal E. coli collected from children compared to reported estimates
among adults, it is similarly dominant among very antimicrobial-resistant isolates. Addi-
tionally, H30 is especially dominant among young children when compared to other types
of antimicrobial-resistant extraintestinal E. coli. Whole genome sequencing analyses pro-
vided proof of principle that putative transmission clusters of H30 can be identified from
passively collected clinical isolates. Integration of data describing patient healthcare con-
tact into a temporal phylogenomic analysis revealed that ancestral H30 isolates were more
likely to be community-associated than healthcare-associated. Finally, when evaluating the
evolutionary dynamics of resistance to trimethoprim-sulfamethoxazole, a commonly used



antimicrobial agent in pediatrics, I found that the acquisition of resistance to this agent
likely occurred prior to the differentiation of specific H30 subtypes. Together, these find-
ings highlight that high-resolution molecular analyses of isolates collected during routine
clinical care, when combined with patient data, can offer valuable insights into resistance
and transmission dynamics of concerning antimicrobial-resistant pathogens like H30.
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Introduction

Escherichia coli is one of the most widely known and extensively characterized species
of bacteria. While most strains of E. coli are harmless members of the human intestinal
microflora, some strains are pathogenic and cause a wide variety of intestinal and non-
intestinal infections. Pathogenic E. coli are typically divided into two groups: intestinal
pathogenic E. coli and extraintestinal pathogenic E. coli (ExPEC). The more well-known
intestinal pathogenic E. coli cause severe diarrhea and are commonly associated with food-
borne outbreaks.1 ExPEC are less well-known, but very common; the largest burden of
ExPEC infections stem from urinary tract infections (UTIs), of which they account for 80-
90%.2 In children, UTIs are one of the most prevalent bacterial infections, affecting 2-4% of
children and comprising a significant portion of emergency room visits and hospitalizations
each year.3

The natural history and epidemiology of ExPEC infections is complex. Transmission is
thought to be fecal-oral and intestinal colonization is considered a prerequisite to infection.4

However, ExPEC can asymptomatically colonize the intestine and may never cause illness,5

resulting in silent transmission events and significant challenges in identifying linked cases.
This complexity has become especially vexing as rising rates of antimicrobial resistance
make ExPEC increasingly difficult to treat.6

Whole genome sequencing (WGS) has been a valuable tool in shedding light on some
of the complex epidemiologic dynamics of ExPEC. For instance, WGS-based studies have
shown that while ExPEC are immensely genetically diverse, there are a handful of dominant
clones — or groups of strains with similar genetic backbones — that have been especially
globally successful.7 Additionally, only a small number of these clones cause the vast ma-
jority of antimicrobial resistant ExPEC infections.8

E. coli sequence type (ST) 131 was the first ExPEC clone to be characterized as a “high-
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risk clone” due to its rapid and seemingly simultaneous global emergence, resistance tomul-
tiple classes of antibiotics, and robust virulence.9,10 This clone burst onto the scene in the
early 2000’s and was recognized for its association with extended-spectrum beta-lactamase
(ESBL) production — which confers resistance to extended-spectrum cephalosporins —
among community-associated infections, a previously uncommon combination. Soon af-
ter its identification, high-resolution molecular techniques revealed that it was not ST131
generally, but rather a particular subclone of ST131 called H30 — named for the signa-
ture presence of a specific allele of the gene coding the mannose-binding adhesin FimH
(fimH30) — that was actually harboring the unusual antimicrobial resistance factors.11

Among adults in the U.S., H30 is estimated to comprise about 50% of ESBL-producing
E. coli infections and between 10% and 20% and of all clinical E. coli infections, and has
been linked to certain host factors including older age, healthcare contact, compromised
hosts, and recent antibiotic use.11–14 It has also been associated with adverse outcomes such
as persistent infections, hospitalization, and sepsis.14,15 Despite the large burden of UTIs in
children, and the recorded dominance of ST131-H30 among antimicrobial-resistant ExPEC,
there is very limited available data about the epidemiology of ST131-H30 in children.

This dissertation integrates high-resolution molecular data with patient-level epidemi-
ologic data from an existing multicenter case-control study to clarify the molecular epi-
demiology of the E. coli ST131-H30 clone among U.S. children. The bulk of work about
the epidemiology of H30 has focused on elderly populations and long-term care facilities;
this body of work is the first to focus specifically on the epidemiology of this pathogen in
a pediatric population.16–18 In Chapter 1, the overall burden of H30 as well as patient cor-
relates of H30 infection are characterized. In Chapter 2, the ability for WGS to identify
putative transmission clusters of H30 among clinical isolates collected from U.S. children is
assessed. In Chapter 3, a temporal phylogenetic analysis of H30 is performed, combining
WGS data, patient data, and antimicrobial resistance data, to identify links between H30’s
population structure and patient and antimicrobial resistance characteristics.
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Chapter 1

Epidemiology and antimicrobial resistance
characteristics of the Escherichia coli ST131-H30
lineage among U.S. children

This chaper is adapted from a manuscript, co-authored with Dr. Scott Weissman, Amanda
Adler, Dr. Veronika Tchesnokova, Dr. Evgeni Sokurenko, Dr. Janet Baseman, and Dr. Danielle
Zerr, that has been published in Clinical Infectious Diseases.19

1.1 Introduction

Extraintestinal Escherichia coli, a common cause of urinary tract and bloodstream infections
across all ages, have displayed increasing rates of antimicrobial resistance over the past two
decades.6 This increase has been attributed to the emergence and rapid clonal expansion of
E. coli sequence type (ST) 131, which has transformed the population structure of extrain-
testinal E. coli infections worldwide.10,20–22 Molecular epidemiologic studies have shown
that a subclone of ST131, termed H30, has driven the global dissemination of ST131.15,23–25

The clonal structure of ST131-H30 is tightly linked to antimicrobial resistance; the vast ma-
jority of H30 isolates are fluoroquinolone-resistant due to mutations in the gyrA and parC
chromosomal genes (isolates known as H30-R or clade C), while nested subclones are addi-
tionally associated with the production of CTX-M-type extended-spectrum beta-lactamases
(ESBLs) that confer resistance to extended-spectrum cephalosporins (Figure B.1).15,25–28

Although E. coli ST131- H30 (hereafter, H30) has been recognized as a clone of signifi-
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cant public health importance,10,29 there is a lack of data about its epidemiology in children.
Most studies that have included H30 isolates from children have occurred over short time
periods at single centers and have accumulated few H30 isolates.13,14,30 Among adults in
the US, H30 is estimated to comprise about 50% of ESBL-producing E. coli infections and
10%-20% of all extraintestinal E. coli infections, and has been linked to host factors in-
cluding older age, healthcare contact, local or systemic compromise, and recent antibiotic
use.13,14,23,30,31 Associations with adverse outcomes such as persistent infections, new in-
fections, sepsis, and hospitalization have also been reported in adult populations.14,15,32

Understanding the epidemiology of H30 in pediatric populations is important, as its dom-
inance among multidrug-resistant (MDR) extraintestinal E. coli makes it a likely culprit of
many difficult-to-treat infections in children. Proper treatment of urinary tract infections –
the most common type of infection caused by extraintestinal E. coli – is especially critical
in pediatric populations, as young children are more prone to upper urinary tract infection
with potential short- and long-term complications such as renal scarring and decreased
renal function.33,34

We sought to address this knowledge gap using data from a multiyear, multicenter
prospective case-control study of extraintestinal E. coli infections to quantify the burden
and identify clinical and demographic correlates of infection with H30 in a U.S. pediatric
population. In addition, we describe and compare the antimicrobial resistance character-
istics of H30 and non- H30 E. coli isolates.

1.2 Methods

1.2.1 Patients and isolates

All isolates and clinical data came from a multicenter case-control study that prospectively
collected isolates and is described in detail elsewhere.35 In brief, between September 1,
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2009 and September 30, 2013, four freestanding U.S. children’s hospitals (referred to here
as West, Midwest 1, Midwest 2, and East) used standard clinical microbiology techniques
to identify and collect all extended-spectrum cephalosporin-resistant (ESC-R) E. coli col-
lected from urine or other normally sterile sites during routine clinical care of both in-
patient and outpatient children < 22 years of age. ESC-R isolates were defined as those
non-susceptible to ceftriaxone, cefotaxime, ceftazidime, cefepime, or aztreonam. Patients
could contribute multiple ESC-R isolates if the subsequent isolate was collected ≥ 15 days
after the previous ESC-R isolate. For each resistant isolate, three consecutive E. coli isolates
that were susceptible to the aforementioned agents, referred to here as extended-spectrum
cephalosporin-susceptible (ESC-S) isolates, were collected without respect to any patient or
microbiological characteristics beyond temporal proximity to the ESC-R isolates and prior
enrollment in the study (patients could only contribute one ESC-S isolate). Demographic
and clinical data were collected from the medical records; methods for categorizing un-
derlying medical conditions, capturing antibiotic exposure, and characterizing the clinical
significance of urine isolates (likely UTI vs. not) were described previously.35,36 The Insti-
tutional Review Board at each hospital approved the study protocol.

1.2.2 Laboratory methods

Methods for antibiotic susceptibility testing and typing of resistance phenotypes and de-
terminants were described previously. Briefly, ESC-R phenotypes (ESBL vs. AmpC) were
characterized using a combination of disk diffusion and E-tests. Genetic determinants of
extended-spectrum cephalosporin resistance were identified by PCR using primers for genes
encoding common extended-spectrum cephalosporinases.35 H30 isolates were identified
using the fumC/fimH genotyping scheme.37 Isolates belonging to the H30Rx sublineage
were identified by PCR detection of sublineage-specific single nucleotide polymorphisms.15
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Figure 1.1: Conceptual framework used for building multivariable models of the relation-
ship between host clinical and demographic factors and ST131-H30 infection among chil-
dren with extraintestinal E. coli infections. Unmeasured variables are surrounded by dashed
boxes.
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1.2.3 Statistical analyses

1.2.3.1 Prevalence estimates

The period prevalence of H30was estimated using the prevalence of H30 among ESC-R iso-
lates (which were captured completely), the prevalence of H30 among the collected ESC-S
isolates (which were captured partially), and the total number of E. coli isolates collected
from each clinical microbiology laboratory during the study period, excluding repeat iso-
lates from a given patient if they were collected within 15 days of the first isolate. The
15-day cut point was chosen to reflect the end of a typical course of antibiotic treatment,
which is < 14 days. This cut point was prescribed in the original study protocol, and was
used by each study site to provide denominator data for the total number of E. coli isolates
that came through the laboratory during the study period. The total number of E. coli iso-
lates from each study hospital was only available between October 1, 2009 and September
30, 2013, so any isolates collected during September 2009 were excluded (Figure B.2).
After calculating the prevalence of H30 among ESC-R and ESC-S isolates separately, the
overall prevalence among all clinical E. coli isolates was estimated using a weighted aver-
age of the stratified prevalence estimates, with the weights being the relative proportions
of the two mutually exclusive groups (ESC-R and ESC-S) among the total number of E. coli
isolates reported. All data used for these calculations can be found in Table A.2. This ap-
proach makes two assumptions: 1) all ESC-R isolates were captured; and 2) the collected
ESC-S isolates are representative of all ESC-S isolates.

To estimate uncertainty around these prevalence estimates, we used a resampling-
based approach to calculate 95% interval estimates. Since our data were sampled to over-
represent ESC-R isolates, in our bootstrap analyses, we weighted each ESC-R observation
with the prevalence of ESC-R isolates among all isolates in the population, and each ESC-S
observation with the prevalence of ESC-S isolates among all isolates in the population (Ta-
ble A.2). We applied the non-parametric bootstrap procedure using simpleboot::one.boot
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in R with 10,000 bootstrap replicates. We reported the bias-corrected and accelerated boot-
strap (BCa) interval for these estimates.38 The same approach was applied to calculate the
prevalence and 95% CI for H30Rx.

1.2.3.2 Host correlates of infection

Only the first isolate from each unique individual was considered in the host factor analyses.
Host factors were compared between patients with H30 vs. non- H30 isolates, stratified by
ESC-R status and adjusting for study hospital where sample size allowed. Variables were
first compared using chi-square tests with continuity corrections. When the strata-specific
sample sizes were too small for the chi-square approximation to be valid, Fisher’s Exact tests
were used. Factors with a p-value of <0.05 were further examined as candidate predictors
of interest.

The magnitude of the association between each predictor of interest and H30 infection
was then assessed using univariable and multivariable log-binomial regression models. The
log-binomial regression models were implemented using the logbin package in R with the
adaptive barrier method selected for maximum likelihood estimation. Log-binomial regres-
sion was chosen over logistic regression because the outcome ( H30 ) was common among
ESC-R isolates; if logistic regression were used, the odds ratio would not approximate the
relative risk. For each predictor of interest, the relative risk (RR) and 95% confidence in-
tervals (CIs) from three models are presented: 1) a univariable model that estimates the
crude (unadjusted) total effect of the predictor of interest on the outcome; 2) a multi-
variable model that estimates the total effect of the predictor of interest on the outcome,
adjusted for potential confounders; and 3) a multivariable model that estimates the direct
effect of the predictor of interest on the outcome, adjusted for potential confounders as well
as for potential mediators. All multivariable models adjusted for study hospital; additional
potential confounders and mediators were selected according to the conceptual framework
illustrated in Figure 1.1 using causal diagram principles.
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All covariates were chosen a priori, without regard to associations in the data, except
for Asian race. In our data, young age was strongly associated with Asian race only among
ESC-R isolates (data not shown), and Asian race also displayed an association with H30
infection among ESC-R isolates. Therefore, we included Asian race (yes/no) as a potential
confounder of the association between patient age andH30 infection among ESC-R isolates.
The conceptual framework in Figure 1.1 highlights the hypothesized mechanism for this
observed association.

Finally, we conducted post-hoc analyses of the interaction between age and underlying
medical condition. Analyses of the mechanistic interaction between categorized patient age
and presence of an underlying medical condition were conducted by examining the strat-
ified and joint effects of these two variables. Multivariable log-binomial models adjusting
for study hospital were constructed; the adaptive barrier methodwas selected for maximum
likelihood estimation. To examine the joint effects, a 4 level categorical variable represent-
ing the combinations of age and underlying medical condition was included as the predictor
of interest. We chose to measure the interaction on the additive scale, as this is typically
most useful for assessing the public health importance of interactions. Interaction contrast
ratios (ICRs) were calculated to measure the extent of interaction on the additive scale:
an ICR of 0 represents no interaction, an ICR <0 indicates a negative interaction, and an
ICR > 0 indicates a positive interaction.39 Preventative factors were recoded as risk factors,
and the stratum with the lowest risk was used as the referent category.40 Uncertainty in the
ICR was estimated via a non-parametric bootstrap approach using the boot package in R
with antithetic resampling; 1000 replicates were performed and 95% BCa intervals were
presented.38

1.2.3.3 Antimicrobial resistance characteristics

We examined co-resistance to commonly used antimicrobial agents in the first E. coli isolate
collected per individual, stratifying by ESC-R and ESC-S status to maintain consistency with
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the sampling scheme of the parent study. H30 isolates were additionally stratified into
H30Rx and H30 -non-Rx (Figure B.1) and compared to non- H30 isolates. Comparisons
between H30 and non- H30 isolates and H30Rx and non- H30 isolates were quantified
using Chi-square tests using the chisq.test function in R; Fisher’s Exact tests were used when
sample size did not allow for a chi-square approximation. Among ESC-R isolates, ESC-R-
associated resistance mechanisms and determinants were also identifed and compared. All
analyses were conducted using R version 3.3.1 (R Core Team, 2016).

1.3 Results

1.3.1 Isolates and prevalence estimates

A total of 339 ESC-R isolates from 278 patients and 1008 ESC-S isolates from 1008 pa-
tients were available for analyses.(Figure B.2) The estimated prevalence of H30 among
all clinical E. coli isolates at all study hospitals was 5.3% (95% CI 4.6%-7.1%), while the
hospital-specific prevalence ranged from 2.7% to 6.2%.(Figure 1.2) The estimated overall
prevalence of H30Rx was 0.87% (95% CI 0.70%-1.7%).

1.3.2 Host correlates of infection by extended-spectrum cephalosporin
resistance status

The first ESC-R isolate from each of the 278 patients with an ESC-R isolate collected during
the study period was included in the host correlates analyses (Figure B.2). Among these
patients, patient age was associated withH30 infection and further examined as a predictor
of interest (Table 1.1). Our sample size precluded multilevel predictors, so age was cate-
gorized into ages 0-5 versus 6-21 years in regression models. After adjusting for potential
confounders, age 0-5 was associated with an 83% increased risk of the infecting organ-
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Figure 1.2: Estimated prevalence of ST131-H30 among extraintestinal E. coli infections
overall and by study hospital. ESC-R = extended-spectrum cephalosporin-resistant. ESC-S
= extended-spectrum cephalosporin-susceptible.
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ism being H30 (RR 1.83, 95%CI 1.19-2.83). There was no evidence that this association
was mediated through factors related to underlying illness (Table 1.2), or that underlying
illness interacted with age (Table A.3). When restricting the outcome to H30Rx infection
only (vs. non- H30 infection) and adjusting for potential confounders, the effect size was
stronger (RR 2.25, 95%CI 1.33-3.80).

A total of 1008 patients had one ESC-S isolate collected during the study period.
Among these patients, patient age and several factors associated with underlying illness
were associated with H30 infection (Table 1.1). Each of these variables was examined as
a predictor of interest except for: (i) history of transplantation, due to small numbers, and
(ii) type of infection acquisition, since previous hospitalization and underlying medical
conditions were examined independently. Underlying medical condition and indwelling
device categories were collapsed into any vs. none. Patient age ≤ 5 years was negatively
associated with H30 infection (RR 0.48, 95% CI 0.27-0.87, Table 1.2). Of the variables
related to underlying illness, after adjusting for potential confounders, only presence of
an underlying medical condition (RR 4.49, 95%CI 2.43-8.31) remained as an independent
predictor of H30 infection. When including potential mediators in the models, the mag-
nitude of the associations between age ≤ 5 years and presence of an underlying medical
condition with H30 infection decreased, but the associations remained statistically signif-
icant (Table 1.2). Evidence of interaction between age and underlying medical condition
was observed; when examining joint effects, underlying medical condition was only signifi-
cantly associated with H30 infection in combination with older age, and older age was only
significantly associated with H30 infection in combination with presence of an underlying
medical condition (Table 1.3). Since patient age was important in the analyses of both
ESC-R and ESC-S isolates, we also visually inspected the distributional differences of age
measured continuously. While the non-H30 age distributions are very similar, the H30 age
distributions display marked differences between ESC-R and ESC-S isolates (Figure 1.3).
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Figure 1.3: Distributions of age (in years) by ST131-H30 and non-ST131-H30 status
and extended-spectrum cephalosporin resistance status. ESC-R = extended-spectrum
cephalosporin-resistant. ESC-S = extended-spectrum cephalosporin-susceptible.
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1.3.3 Antimicrobial resistance characteristics by extended-spectrum
cephalosporin resistance and H30-Rx status

A total of 278 ESC-R isolates were examined (the first isolate collected per individual).
Among these isolates, nearly all H30Rx and H30-non-Rx isolates were non-susceptible to
fluoroquinolones, compared to less than half of non- H30 isolates (Table 1.4). Similarly,
all ESC-R H30Rx and the vast majority of H30-non-Rx isolates were ESBL-producing, while
non- H30 isolates were more evenly split between ESBL producers and AmpC producers.
H30was themost common subclone identified among the ESC-R isolates in the study (Table
A.1); it made up 29.9% (83/278) of ESC-R isolates, andwhen restricting to ESBL-producing
isolates only, it made up 43.3% (81/187) of the total. The vast majority of ESBL-producing
H30Rx isolates had a CTX-M-15 beta-lactamase, while ESBL-producingH30-non-Rx isolates
were dominated by the CTX-M-27 beta-lactamase; ESBL-producing non- H30 isolates were
more evenly split between CTX-M-15 and CTX-M-14 beta-lactamases (Table 1.4).

Among the 1008 ESC-S isolates examined, fluoroquinolone non-susceptibility was
dominant among H30 isolates, while only a small fraction of non- H30 ESC-S isolates were
non-susceptible to fluoroquinolones (Table 1.4).

1.4 Discussion

We utilized a multiyear, multicenter case-control study of extraintestinal E. coli infections
in children’s hospitals to address a critical knowledge gap about the epidemiology of the
globally important ST131- H30 subclone among US children. Our results can be sum-
marized into three main findings. First, the estimated prevalence of H30 among pediatric
extraintestinal E. coli isolates of 5.3% was lower than the 10-20% that has been observed in
US adults.14,23,30 However, H30 was nearly as dominant among ESBL-producing isolates in
children (43.3%) as has been reported in adults (about 50%).13,31 Second, patient age was
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associated with infection due to H30, and the nature of this association contrasted sharply
between ESC-R and ESC-S infections. Among ESC-R infections, H30 was associated with
young age (≤5 years), while among ESC-S infections, H30 was associated with older age
(6-21 years), as well as with the presence of an underlying medical condition. Third, the
antimicrobial resistance characteristics of H30 and H30 Rx collected from children were
consistent with what has been previously reported.13,27,31,32,41 ESC-R H30 isolates were al-
most always fluoroquinolone-resistant and ESBL-producing, and ESBL-producing H30 Rx
isolates were associated with the CTX-M-15 beta-lactamase, while ESBL-producing H30-
non-Rx isolates were associated with the CTX-M-27 beta-lactamase.

Other studies have suggested that H30 is less prevalent among children than adults;
however, very few pediatric isolates were included in these studies.13,30 Interestingly, we
observed that H30 was nearly as dominant among ESBL-producing E. coli infections in
children as has been reported in adults.13,31 These findings are consistent with a recent
study from a pediatric setting conducted in the Midwestern US.42 However, in the context
of all clinical extraintestinal E. coli infections, ESBL-producing organisms are still relatively
rare in both adults and children. The bulk of the H30 isolates circulating in the population
are non-ESBL-producing but fluoroquinolone-resistant, and these isolates were much less
common in our study than has been observed in adult populations.13,30 This observation
may be explained by differential antibiotic use in these populations. Fluoroquinolones are
infrequently prescribed to children due to concerns about toxicity;43 in our study, about 5%
of patients received fluoroquinolones in the year before collection of their first isolate, while
46% of patients received any antibiotic in that same time period (Figure 1.4). Lower rates of
fluoroquinolone use likely translate to less selective pressure on fluoroquinolone-resistant
organisms such as H30. Interestingly, a recent study conducted in adults in Australia and
New Zealand, a population that also has low rates of fluoroquinolone use, reported an
overall prevalence of H30 of 3.5%, but a prevalence of H30 among ESC-R E. coli of 39%,
which is similar to our findings.44
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Figure 1.4: Distributions of age (in years) among individuals that received any antibiotic in
the year prior to isolate collection compared to individuals that received a fluroquinolone in
the year prior to isolate collection.

The associationwe identified betweenH30 and young age among ESC-R isolates is con-
sistent with the findings of a recent longitudinal study showing that among children, the
prevalence of ESBL-producing Enterobacteriaceae was highest and increasing most rapidly
in children aged 1-5.45 Why H30 and H30Rx is more frequently found among young chil-
dren with ESC-R infections compared to older children with ESC-R infections, as well as
where young children are acquiring this pathogen, deserves further investigation. Previous
studies have portrayed H30 as an opportunistic pathogen that favors compromised hosts
including the elderly,14 and young children’s developing immune systems could be associ-
ated with H30 infection. Maternal infection or colonization may also play a role; a recent
study found H30 colonization during the first several years of life of healthy twins was as-
sociated with the mother also being colonized, however, none of these H30 isolates were
ESBL-producing.46 Finally, while transmission of H30 between children within healthcare
facilities has not been documented, there are reports of transmission of, and persistent col-
onization with, H30/ H30Rx among healthy children within daycares and households.46–49

Future studies might focus on systematic sampling in the community setting in order to
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better elucidate the reservoirs and transmission dynamics of H30/ H30Rx among young
children.

The association we observed between ESC-S H30 infections and older children is not
consistent with the limited existing data.30,50 Our post-hoc interaction analyses suggest that
age and underlying illness interact, with the strongest risk of an infection being H30 ob-
served in older children with underlying medical conditions. We hypothesize that these
observed associations could be driven by different selective pressures in older, less healthy
children: specifically, fluoroquinolones are likely prescribed more frequently to older chil-
dren than younger children due to less concern about toxicity. This prescribing pattern
was borne out in our data; the median age was 12.6 years among patients that received
fluoroquinolones in the year prior to their infection, whereas the median age among those
that received any antibiotic was 6 years (Figure 1.4). A more refined examination of the
role of antibiotic exposure, specifically focusing on fluoroquinolones, is warranted.

Notably, previous studies conducted in adult populations have described H30 as being
associated with healthcare contact and compromised hosts,14,30 however, we found those
associations only among ESC-S H30 infections. The fact that we observed these patterns
among ESC-S isolates is not surprising; compromised hosts and healthcare contact are con-
sistently associated with antimicrobial-resistant infections,51 and as is shown in Table 1.4,
H30 isolates are more antimicrobial-resistant than other ESC-S isolates. However, we ob-
served that when compared to other ESC-R organisms, there is no evidence of an associa-
tion between H30 and underlying illness. This observation raises the question of whether
some host correlates observed in previous studies are specific to the H30 subclone, or just
reflect risk factors for MDR extraintestinal E. coli in general. Future studies should consider
comparing H30 to other MDR E. coli where possible.

A number of limitations need to be considered in the interpretation of these data.
First, because of the case-control design of the parent study, the prevalence of H30 and
H30Rx among clinical E. coli isolates could not be calculated directly. However, we believe
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the assumptions employed in our prevalence estimates are reasonable, and that these data
provide the best estimate of the prevalence of H30 in children to date. The design of the
parent study was also a strength, as it allowed us to enrich the collection with the less com-
mon MDR isolates and examine risk factors for infection with H30 among those with ESC-R
E. coli isolates specifically. Second, because this study was an exploratory investigation of
an existing dataset, all findings should be interpreted cautiously; there could be residual
confounding due to unmeasured or incompletely measured variables, spurious associations
identified due to multiple testing, or missed associations due to lack of power. To mitigate
this, we attempted to make thoughtful model building decisions and interpretations by us-
ing conceptual models rather than taking a purely data-driven approach. Third, the isolates
did not undergo multilocus sequence-typing (MLST) or other molecular characterization
relevant to H30 such as typing of the gyrA and parC alleles. However, the H30 isolates in
this study have since undergone whole genome sequencing, and in silico MLST analyses
have confirmed that isolates classified as H30 are ST131 (data not shown). Finally, al-
though this was a multicenter study, our data were collected from freestanding children’s
hospitals between 2009 and 2013, so the results may not be generalizable to other settings,
and epidemiologic patterns may have shifted during the subsequent several years. Despite
these limitations, this study significantly improves our understanding of the impact of H30
in children, and is one of the most robust examinations of the clinical burden of, and risk
factors for, H30 infections to date.

1.4.1 Conclusion

Although E. coli ST131- H30 is not as prevalent among children as has been reported in
adults, perhaps as a result of low rates of fluoroquinolone use in pediatrics, this clone is
dominant among ESC-R extraintestinal E. coli infections in children. In particular, ESBL-
producingH30 appear to disproportionately affect young children relative to other ESC-R E.
coli, even when accounting for other underlying host factors. More densely sampled studies
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are needed to elucidate the reservoirs and transmission dynamics of this difficult-to-treat
pathogen in a pediatric population.
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Table 1.1: Selected demographic and clinical characteristics of patients with H30 and Non-
H30 isolates, stratified by extended-spectrum cephalosporin resistance status

ESC-R ESC-S
H30 (n = 83) Non-H30 (n = 195) p-valuea H30 (n = 47) Non-H30 (n = 961) p-valuea

Age, years 0.008 <0.001
0-5 60 (72.3) 98 (50.3) 16 (34.0) 504 (52.4)
6-10 10 (12.0) 40 (20.5) 4 (8.5) 190 (19.8)
11-15 6 (7.2) 31 (15.9) 12 (25.5) 126 (13.1)
16-21 7 (8.4) 26 (13.3) 15 (31.9) 141 (14.7)

Sex = Male 18 (21.7) 53 (27.2) 0.417 8 (17.0) 130 (13.5) 0.643
Ethnicity = Hispanicb 8 (10.0) 36 (19.3) 0.092 4 (8.9) 135 (14.6) 0.397
Raceb,c 0.087 0.314
White 39 (49.4) 116 (62.0) 29 (63.0) 629 (68.1)
Black 12 (15.2) 29 (15.5) 12 (26.1) 219 (23.7)
Asian 22 (27.8) 32 (17.1) 2 (4.3) 51 (5.5)
Native American 4 (5.1) 2 (1.1) 1 (2.2) 6 (0.7)
Pacific Islander 2 (2.5) 7 (3.7) 1 (2.2) 10 (1.1)
>1 race 0 (0.0) 1 (0.5) 1 (2.2) 8 (0.9)

Site of culture 0.233 0.753
Urinec,d 78 (94.0) 173 (88.7) 45 (95.7) 923 (96.0)
Blood 2 (2.4) 15 (7.7) 2 (4.3) 32 (3.3)
Other sterile site 3 (3.6) 7 (3.6) 0 (0.0) 6 (0.6)

Type of acquisitionb,e 0.921 <0.001
Community-associated 28 (33.7) 65 (33.3) 14 (29.8) 599 (62.7)
Healthcare-associated 45 (54.2) 103 (52.8) 30 (63.8) 297 (31.1)
Hispital-associated 10 (12.0) 27 (13.8) 3 (6.4) 60 (6.3)

Hospitalized in the past 6 months = Yesb 25 (30.1) 69 (35.4) 0.477 13 (27.7) 143 (15.0) 0.032
Underlying medical conditionb 0.888 <0.001
Urologicf 30 (36.1) 75 (38.7) 26 (55.3) 185 (19.3)
Malignancy 4 (4.8) 13 (6.7) 1 (2.1) 26 (2.7)
Other condition 16 (19.3) 35 (18.0) 6 (12.8) 104 (10.8)
No condition 33 (39.8) 71 (36.6) 14 (29.8) 644 (67.2)

Antibiotic use in the past 30 days = Yesb 34 (41.0) 85 (43.6) 0.785 16 (34.0) 176 (18.4) 0.013
History of transplantation = Yesb 3 (3.6) 19 (9.8) 0.134 5 (10.6) 22 (2.3) 0.003
Received immunosupressants in the last year = Yesb,g 9 (10.8) 37 (19.1) 0.131 6 (12.8) 62 (6.5) 0.167
Device type 0.148 <0.001
Central venous catheter 7 (8.4) 28 (14.4) 3 (6.4) 53 (5.5)
Foley catheter 6 (7.2) 5 (2.6) 3 (6.4) 11 (1.1)
Other device 14 (16.9) 26 (13.4) 10 (21.3) 55 (5.7)
No device 56 (67.5) 135 (69.6) 31 (66.0) 840 (87.6)

Hospital 0.156 0.349
West 22 (26.5) 78 (40.0) 13 (27.7) 341 (35.5)
Midwest 2 24 (28.9) 51 (26.2) 16 (34.0) 284 (29.6)
Midwest 1 11 (13.3) 23 (11.8) 3 (6.4) 108 (11.2)
East 26 (31.3) 43 (22.1) 15 (31.9) 228 (23.7)
Note:
Abbreviations: ESC-R, extended-spectrum cephalosporin-resistant; ESC-S, extended-spectrum cephalosporin-susceptible.

a P-values generated via chi-square tests unless otherwise indicated.
b Number does not add to n because of missing data.
c P-values generated via Fisher exact test.
d All isolates collected from urine and without missing data were characterized as likely urinary tract infection (UTI); 7 isolates with missing data could
not be classified (3 extended-spectrum cephalosporin-resistant and 4 extended-spectrum cephalosporin-susceptible

e Type of acquisition was defined as follows: community associated, culture obtained in an outpatient setting or <48 hours after hospital admission from
an otherwise healthy patient without hospitalization in the previous 6 months; healthcare associated, culture obtained in an outpatient setting or <48
hours after hospital admission from a patient who had been hospitalized in the previous 6 months and/or had a chronic medical condition requiring
frequent healthcare or prolonged/recurrent antibiotic courses; and hospital associated, culture obtained >48 hours after hospital admission or <48
hours after hospital discharge from a patient without signs or symptoms of infection on admission

f Diagnoses included in the urologic category are congenital urological abnormality, neurogenic bladder, and vesicoureteral reflux.
g Immunosuppressants included antineoplastic agents, high-dose glucocorticoids (less than or equal to 2 mg/kg of body weight), tumor necrosis factor
inhibitors, calcineurin inhibitors, and mycophenolate mofetil
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Table 1.2: Total and direct effect of selected factors on risk of H30 infection vs. infection
with other E. coli types using log-binomial regressionmodels stratified by extended-spectrum
cephalosporin resistance status.

ESC-R ESC-S
Total effect RR (95% CI) Direct effect RR (95% CI) Total effect RR (95% CI) Direct effect RR (95% CI)

Crude Adjusteda Adjusteda Crude Adjusteda Adjusteda
Age 0-5 years 1.98 (1.30-3.01) 1.83 (1.19-2.83)b 1.91

(1.24-2.96)c
0.48 (0.27-0.87) – 0.52

(0.29-0.94)d
Antibiotics in last 30 days – – – 2.18 (1.22-3.91) 1.18 (0.64-2.20)e –
Underlying medical condition – – – 4.46 (2.42-8.21) 4.49 (2.43-8.31)f 3.53

(1.73-7.17)g
Hospitalization in past 6 months – – – 2.08 (1.12-3.84) 1.22 (0.65-2.30)h 1.02

(0.51-2.01)i
Presence of indwelling device – – – 3.33 (1.87-5.92) 1.54 (0.78-3.04)j 1.53

(0.77-3.01)d

Note:
Abbreviations: CI, confidence interval; ESC-R, extended-spectrum cephalosporin-resistant; ESC-S, extended-spectrum cephalosporin-susceptible; RR, relative risk.

a All models adjusted for study hospital.
b Additional covariates: Asian race (yes/no).
c Additional covariates: Asian race (yes/no), underlying medical condition (yes/no), antibiotics in the last 30 days (yes/no), hospitalization in the past 6 months (yes/no).
d Additional covariates: underlying medical condition (yes/no), antibiotics in the last 30 days (yes/no), hospitalization in the past 6 months (yes/no).
e Additional covariates: age (0–5 or 6–21), hospitalization in the past 6 months (yes/no), underlying medical condition (yes/no), indwelling device (yes/no).
f Additional covariates: age (0–5 or 6–21).
g Additional covariates: age (0–5 or 6–21), hospitalization in the past 6 months (yes/no), antibiotics in the last 30 days (yes/no), indwelling device (yes/no).
h Additional covariates: age (0–5 or 6–21), underlying medical condition (yes/no).
i Additional covariates: age (0–5 or 6–21), underlying medical condition (yes/no), antibiotics in the last 30 days, indwelling device (yes/no).
j Additional covariates: underlying medical condition (yes/no), hospitalization in the past 6 months (yes/no).

Table 1.3: Analysis of interaction between age and underlying medical condition risk of H30
infection vs. infection with other E. coli types using log-binomial regression models among
ESC-S isolates

Age
0-5 years 6-21 years

RR (95% CI)a RR (95% CI)a RRs (95% CI)a for Age
0-5 vs. Age 6-21
within strata of
underlying medical
condition

Presence of an underlying medical condition 2.80 (0.90-8.70) 8.66 (3.38-22.2) 0.32 (0.14-0.72)
No underlying medical condition 1.52 (0.51-4.50) 1.0 (ref) 1.51 (0.50-4.53)
RRs (95% CI) for underlying medical condition within age strata 1.99 (0.74-5.33) 8.81 (3.44-22.6)
Note:
Interaction contrast ratio (ICR), -6.38 (95% confidence interval, -23.5 to -1.15). When interpreting the ICR, deviation from 0
indicates evidence of interaction on the additive scale (see Supplementary Methods).
Abbreviations: CI, confidence interval; RR, relative risk.

a RRs adjusted for study hospital.
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Table 1.4: Selected antimicrobial resistance characteristics of H30Rx, H30-non-Rx, and non-
H30 isolates stratified by extended-spectrum cephalosporin resistance status.

ESC-R n = 278 ESC-S n = 1008
H30 (n = 83) p-value vs. non-H30a H30 (n = 47) p-value vs. non-H30a

Rx (n = 64) Non-Rx (n = 19) Non-H30 (n = 195) Rx Non-Rx Rx (n = 5) Non-Rx (n = 42) Non-H30 (n = 961) Rx Non-Rx
Co-resistance
Ciprofloxacin 62 (96.9) 18 (94.7) 76 (39.0) <0.001 <0.001 5 (100) 36 (85.7) 25 (2.6) <0.001 <0.001
Gentamicin 28 (43.8) 6 (31.6) 73 (37.4) 0.453 0.798 0 (–) 13 (31.0) 34 (3.5) 1.000 <0.001
TMP/SMX 43 (67.2) 15 (78.9) 121 (62.1) 0.555 0.226 1 (20.0) 26 (61.9) 240 (25.0) 1.000 <0.001
TMP/SMX & ciprofloxacin 41 (64.1) 15 (78.9) 64 (32.8) <0.001 <0.001 1 (20.0) 23 (54.8) 15 (1.6) 0.080 <0.001
All three 19 (29.7) 5 (26.3) 36 (18.5) 0.084 0.374 0 (–) 8 (19.0) 2 (0.2) 1.000 <0.001

ESC-R type <0.001 0.007
ESBL only 64 (100) 17 (89.5) 102 (52.6) – – – – –
AmpC only 0 (–) 2 (5.4) 88 (45.4) – – – – –
ESBL & AmpC 0 (–) 0 (–) 4 (2.06) – – – – –
Undetermined 0 (–) 0 (–) 1 (0.5)

ESBL determinantsc n=64 n=17 n = 106
CTX-M-15 60 (93.8)b 3 (17.6) 48 (45.3) <0.001 0.06 – – – – –
CTX-M-14 0 (–) 2 (11.8) 44 (41.5) <0.001 0.037 – – – – –
CTX-M-27 1 (1.6) 10 (58.8) 1 (0.9) 1.000 <0.001 – – – – –
CTX-M others 0 (–) 1 (5.3) 7 (6.6) 0.046 1.000 – – – – –
ESBL SHV 0 (–) 0 (–) 3 (2.8) 0.292 1.000 – – – – –
ESBL TEM 0 (–) 0 (–) 0 (–) – – – – – – –
None identified 3 (4.7) 1 (5.3) 4 (3.8) 1.000 0.531 – – – – –

AmpC determinantsc n=0 n=2 n=92
CMY-2 – 1 (50.0) 79 (96.3) – 0.277 – – – – –
DHA – 0 (–) 2 (2.2) – 1.000 – – – – –
FOX – 0 (–) 2 (2.2) – 1.000 – – – – –
None identified – 1 (50.0) 10 (10.9) – 1.000 – – – – –

Note:
Abbreviations: AmpC, AmpC-type-beta-lactamase; ESBL, extended-spectrum beta-lactamase; ESC-R, extended-spectrum cephalosporin-resistant; ESC-S, extended-spectrum cephalosporin-
susceptible; TMP\/SMX, trimethoprim\/sufamethoxazole.

a P values generated via chi-squared test; Fisher exact test was used when expected frequencies were <5.
b One of these isolates had both a CTX-M-15 gene identified as well as a KPC-3 carbapenemase gene, and was resistant to meropenem.
c Total exceeds 100\\% as isolates could have >1 determinant identified.)
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Chapter 2

Whole genome sequencing of clinical isolates of the
Escherichia coli Sequence Type 131 H30 lineage
reveals putative transmission clusters among U.S.
children

2.1 Introduction

Extraintestinal pathogenic Escherichia coli (ExPEC) cause a wide range of non-intestinal ill-
nesses, ranging from uncomplicated urinary tract infection to potentially fatal bacteremia.52

Unlike intestinal pathogenic E. coli, which are commonly associated with outbreaks, Ex-
PEC infections are generally considered sporadic, and tracking the transmission of ExPEC
has not historically been a clinical or public health priority. However, the emergence and
widespread dissemination of antimicrobial resistant lineages such as sequence type (ST)
131- H30 , the most common extended-spectrum beta-lactamase (ESBL) producing ExPEC
lineage, has brought new interest to understanding the transmission dynamics of these
common pathogens.11 While most research on the transmission of ESBL-producing ExPEC
has focused on the older populations,17 some evidence suggests that children may play an
important role in ESBL-producing ExPEC transmission.53,54

The transmission dynamics of ST131- H30 (hereafter, H30) are challenging to study.
Like other ExPEC lineages, H30 is capable of asymptomatically colonizing the gut without
transitioning to extraintestinal infection.55 This potential for long-term intestinal coloniza-
tion likely results in many “silent” transmission events.42 Whole genome sequencing and
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phylogenetic methods have the power to shed light on pathogen transmission dynamics
and potentially uncover some of these silent transmission events. Here, we investigated
the ability of whole genome sequencing to reveal putative transmission clusters among
passively collected clinical isolates of H30 from children across the U.S.

2.2 Methods

2.2.1 Strain collection and whole-genome sequencing

All isolates and clinical data came from the same multicenter case-control study described
in section 1.2.1. Briefly, between September 1, 2009 and September 30, 2013, four free-
standing children’s hospitals—referred to here as “West,” “Midwest 1,” “Midwest 2,” and
“East”— collected E. coli isolates during the course of standard clinical care from indi-
viduals <22 years old. All extended-spectrum cephalosporin-resistant and a subset of
extended-spectrum cephalosporin-sensitive isolates were collected.35 The Institutional Re-
view Board at each hospital approved the study protocol. H30 isolates were identified using
the fumC/fimH genotyping scheme;37 only the firstH30 isolate per individual was included.

Genomic DNA was extracted from the isolates using the Qiagen QIAamp DNA Mini Kit
following instructions from the manufacturer. Starting with 300-500ng of DNA, samples
were sheared in a 96-well format using a Covaris LE220 focused ultrasonicator targeting
380 base pair (bp) inserts. The resulting sheared DNA was cleaned with Agencourt AMPure
XP beads to remove sample impurities prior to library construction. End-repair, A-tailing,
and ligation were performed as directed by KAPA Hyper Prep Kit (Kapa Biosystems, Wilm-
ington, MA). Following ligation, the samples were subjected to an AMPure XP cleanup to
remove excess adapters. Samples were then amplified by 5 cycles of PCR using the KAPA
HiFi HotStart DNA Polymerase, followed by a final AMPure XP cleanup. Final libraries were
quantified by fluorometric assay (Quant-it, Invitrogen) and the molecular weight distribu-
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tion of library fragments was checked using the Agilent Bioanalyzer. Barcoded genome
libraries were pooled and loaded on the Illumina NextSeq instrument, where cluster gen-
eration and paired-end 150bp read sequencing occurred sequentially.

2.2.2 Genomic data quality filtering and pre-processing

The quality of the sequencing reads was assessed using FastQC;56 Trimmomatic v0.36 was
used to trim adapters and low quality bases (quality score of less than 3) at the ends of
reads.57 Combined output from FastQC and Trimmomatic from all samples was visualized
using the program MultiQC v1.6.dev0.58

2.2.3 Variant detection and alignment construction

Quality filtered and trimmed reads were mapped to the EC958 H30 reference genome
and single nucleotide variants (SNV) were called and filtered using the Snippy v4.2.3
pipeline.59,60 Default settings were used with the exception of applying a minimum read
depth of 5X and a minimum proportion of reads that differ from the reference of 0.75.
Sites identified as likely phage regions in the EC958 reference genome by PHASTER were
filtered.61 A pseudo genome alignment, with the identified and filtered variants instantiated
into the EC958 reference genome, was then provided to Gubbins v2.3.4 to identify variants
in likely recombinant sites.62 SNVs in likely recombinant sites as identified via Gubbins were
masked. Mapping quality and variant quality of the remaining sites was evaluated using
Qualimap v2.2.2-dev and bcftools v1.9 and visualized using MultiQC v1.6.dev0.58,63,64 Re-
maining sites were concatenated into two SNV-based alignments; one made up of pseudo
genomes including monomorphic sites and one with only the concatenated polymorphic
sites.
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2.2.4 Accessory gene analyses

The quality filtered and trimmed short reads were additionally assembled into contigs using
the Shovill pipeline and annotated using Prokka.65,66 ABRicate was then used to identify
acquired antimicrobial resistance genes; as found in the ResFinder database, genes known
to be associated with virulence in E. coli ; as found in the ecoli_vf repository, and known
plasmid replicons; as found in the PlasmidFinder database.67–70

2.2.5 Phylogenetic analyses

A maximum-likelihood (ML) phylogenetic tree was constructed from the full pseudo
genome alignment using IQ-tree v1.6.7.1, with a general time reversible model of nu-
cleotide substitution, an among-site rate heterogeneity of gamma with 4 categories, and
1,000 bootstrap replicates.71 The ML-phylogenetic tree was rooted using isolate MW20107-
A, which was deemed to be ancestral to the main clade. The output ML-phylogenetic tree
from IQ-Tree was visualized using the R package ggtree, and selected patient and bacterial
characteristics were mapped onto the tree.72 Pagel’s lambda was used to measure the
tendency for more closely related isolates to be isolated from the same collection site.73

Available patient data about previous hospitalizations, presence of an underlying medical
condition, and previous antibiotic use were collected from medical records and mapped
onto the putative clusters. Antibiotic resistance phenotypes, measured as previously
described, and presence or absence of known resistance and virulence genes and plasmids,
captured using the ABRicate, were also mapped onto the putative clusters and summarized
descriptively.35,69
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2.2.6 SNV distance matrix and transcluster

A pairwise SNV distance matrix was constructed from the full pseudogene alignment using
the program snp-dists.74 Pairwise SNV distances were plotted within and between collec-
tion sites; selected comparisons between groups of pairwise SNV distances were assessed
using one-sided t-tests. The minimum SNV distance between two isolates from discordant
collection sites was used to define a threshold for identification of putative transmission
clusters. The transcluster package in R was used to estimate the number of uncaptured
transmission events separating isolates in each putative cluster.75 The input into transclus-
ter included a range of mutation rates estimated using BEAST, and a range of transmission
rates from existing literature.53,55,76,77

2.3 Results

One hundred thirty H30 isolates were identified out of a total of 1,347 E. coli that were
screened. Three of the 130 H30 isolates were determined to be non- H30 after in-silico
analysis and one isolate was identified to have been mislabeld, leaving 126 H30 isolates in
the remainder of the analyses. After quality filtering, 3,433 variable sites were identified
and included in the whole-genome-based SNV alignment.

There were 7,875 different pairwise comparisons made, with the pairwise SNV dis-
tance ranging from 0 to 165 SNVs after quality filtering. We hypothesized that that the
mean SNV distance within pairs across discordant sites would be greater than the over-
all mean SNV distance, but this hypothesis was not supported by the data (one-sided p-
value = 0.424, Figure 2.1A). Similarly, we hypothesized that the mean SNV distance within
pairs across the most geographically proximate discordant sites (Midwest 1 and Midwest
2) would be less than the mean SNV distance within pairs across geographically distant
discordant sites, but this hypothesis was also not supported by our data (one-sided p-value
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= 0.9682, Figure 2.1B). The minimum SNV distance between isolates from discordant col-
lection sites was 14 SNVs. Based on the improbability of epidemiologicaly relevant trans-
mission clusters spanning different geographic sites, we chose <14 SNVs as a cutoff for
defining a putative transmission cluster. (Figure 2.1A) Using this threshold, eight putative
clusters were identified involving seventeen isolates, seven clusters containing two isolates
and one cluster containing three isolates. The putative cluster with three isolates (Cluster
1) consisted of one pair separated by 15 SNVs, which was just beyond the selected cutoff,
but since the other two pairs within the cluster were separated by <14 SNVs, all three iso-
lates were included in further analyses. The transcluster package in R estimated that there
were between 1 and 19 transmission events separating individuals within clusters (Figure
2.2A).

Out of the eight identified putative clusters, documented epidemiologic data associ-
ated with four clusters (clusters 2,6,7,8) was consistent with possible direct transmission.
Clusters 2 and 6 involved individuals with documented overlapping dates of hospitalization
(Figure 2.2B and C), indicating plausible nosocomial transmission events. While isolates
from these clusters differed by 12 and 10 SNVs, respectively, the within-cluster difference
in isolation dates was 179 and 199 days, so the potential for long-term colonization and
within-host evolution to inflate the estimated number of transmission events was high.
Cluster 7 and 8 consisted of isolates that differed by 0-1 SNVs after quality filtering and
isolates that were collected between 1 and 7 days of one another.(Figure 2.2A) While there
was no documentation of overlapping hospitalizations within Cluster 7 or 8, both individ-
uals within Cluster 7 had surgical site infections associated with neurological procedures,
while both individuals within Cluster 8 were paraplegic. These connections are consistent
with a plausible epidemiological link in inpatient or outpatient care, although conclusively
establishing such a link is outside the scope of this data.

Although visual inspection of the maximum-likelihood phylogenetic tree did not re-
flect obvious associations between the phylogeny and collection site, a test of phylogenetic
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Figure 2.1: Distributions of pairwise single nucleotide variant (SNV) differences between
H30 clinical isolates from 4 children’s hospitals in the U.S. for (A) pairs containing two
isolates from the same (concordant) collection site and pairs containing two isolates from
two different (discordant) collection sites and for (B) pairs from different combinations of
discordant collection sites. The black dashed line in A indicates the selected SNV threshold
for defining putative transmission clusters (<14 SNVs), based on the observation that this
was the smallest number of SNVs recorded between isolates from discordant collection sites.



30

signal of collection site rejected the no-signal model, suggesting that isolates from the same
collection site are more likely to be more closely related than isolates from different collec-
tion sites (Figure 2.4, p = 8.36e-06). However, when excluding the 17 isolates identified
to be included in putative transmission clusters, there was no longer evidence to reject the
no-signal model (p = 1.00). Finally, visual inspection of accessory gene data revealed that
while most clusters had consistent accessory gene profiles, there were some differences.
(Figure 2.3)

2.4 Discussion

Using clinical isolates collected from 4 free-standing children’s hospitals over 4 years, we
identified putative transmission clusters ofH30 isolates among U.S. children, including two
clusters with documented overlapping hospitalization dates and two clusters with other
potential epidemiologic links. We also observed that those isolates identified to be part
of putative clusters appeared to account for the observed association between collection
site and phylogenetic relatedness in these data, and that beyond the most closely related
isolates, more closely related isolates were not more likely to be isolated from the same
collection site than from a different collection site.

The available data about the transmission dynamics ofH30 is limited. Most evidence is
based off of point prevalence studies of colonization in single sites, and to our knowledge,
no studies used phylogenetic methods to assess putative transmission clusters. However,
available evidence does suggest that household transmission is more common than nosoco-
mial transmission, with the potential exception of rehabilitation and long-term care facili-
ties populated by elderly individuals.17,55 Interestingly, all documented cases of household
transmission involve children, including several documented instances of mother-to-baby
transmission.49,78 While our study was not set up to identify community/household trans-
mission, the limited evidence of nosocomial transmission across four sites over four years
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Figure 2.2: A) Unrooted maximum-likelihood phylogeny of 8 identified putative transmis-
sion clusters annotated with i) the number of days separating collection of the isolates within
a cluster ii) the number of single nucleotide variants separating isolates and ii) the estimated
number of transmission events separting isolates, calcualted using the R package transclus-
ter. The presence or absence of selected patient characteristics are mapped to the right of
the phylogeny. tx = transmission, SNV = single nucleotide variant. B and C) Schematic
of documented hospitalization-days in the one year prior to isolate collection up until the
discharge of the admission associated with the isolate collection, if any, for clusters 2 and 6,
respectively. Black diamonds represent the day of H30 isolate collection.
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Figure 2.3: Unrooted maximum-likelihood phylogeny of 8 identified putative transmission
clusters annotated with i) the number of dates separating collection of the isolates within a
cluster ii) the number of single nucleotide variants separating isolates and ii) the estimated
number of transmission events separting isolates, calcualted using the R package transcluster.
The presence of plasmids identified from the PlasmidFinder database, acquired antimicrobial
resistance genes identified from the ResFinder database, and virulence factors identified
from the ecolivf database are mapped to the right of the phylogeny. Virulence factors that
occurred together one hundred percent of the time in the larger dataset are lumped together
into one column. tx = transmission, SNV = single nucleotide variant.
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Figure 2.4: Maximum-likelihood phylogeny of all 126 ST131-H30 isolates mapped to their
respective collection sites. Visual inspection does not reveal obvious clustering, but there is
a statistically significant phylogenetic signal between collection site and the phylogeny as
measured by Pagel’s lambda (p = 8.36e-06)
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is consistent with the idea that nosocomial transmission of H30 is not the predominant
source of spread of H30 among U.S. children. The relative importance of person-to-person
transmission of H30 generally, compared to other possible mechanisms of spread such as
via food or other community-based reservoirs is still unclear.79 Future work with more de-
tailed collection of epidemiologic context, including data from commuinity-based contacts,
are needed to address this question.

The multicenter design of this isolate collection allowed us to explore the local vs. na-
tional transmission dynamics of H30. Given the fine-scale phylogenetic analysis we con-
ducted, we hypothesized that there would be evidence of clustering by collection site re-
flected in the phylogeny as a result of local circulation of strains. However, the lack of
evidence of clustering by collection site beyond the identified putative clusters, which rep-
resent only the lower tail of the distribution of SNV distances, is consistent with the the
conceptualization of H30 as a nationally disseminated strain. This observation supports
the idea that this and future instances of identification of closely related H30 isolates, per-
haps within the 14 SNV threshold identified here, are likely to be connected by direct or
indirect transmission rather than solely reflecting differential local circulation of strains
between sites.

Overall, these results provide proof of principle that—at least among the included
population of U.S. children—targeted whole genome sequencing of clinical ExPEC isolates
can reveal potential transmission clusters. If used in real-time, phylogenetic analyses of
closely related isolates could guide contact sampling and collection of epidemiologic data.
This would provide much-needed detail regarding the transmission dynamics of epidemic
lineages of ExPEC such as H30, in particular, the role of person-to-person transmission.
In addition, modern methods like the probabilistic transmission estimation approach used
here, which explicitly incorporate sampling date, mutation rate, and transmission rate in
estimating transmission events from whole genome sequencing data, have the potential
to be especially useful for clarifying the transmission dynamics of pathogens that spread
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silently like ExPEC. Improving our understanding of the transmission dynamics of H30 is
an essential prerequisite to evaluating the utility of interventions for infection prevention
via transmission interruption.

The results of this study should be interpreted in the context of multiple limitations.
First, the available epidemiologic data was limited— including a lack of detail about the
location of specific wards during overlapping hospitalizations— and, as such, all observa-
tions of plausible transmission should be interpreted cautiously. Future investigations that
occur closer to the time of infection could use this “plausible” classification as an impetus
for further data collection. Second, the selection of a SNV cutoff is dependent on multiple
analytical decisions that are hard to standardize. Despite this, the multicenter design of the
available data provided a unique opportunity to define a conservative cutoff where even
indirect transmission was epidemiologically unlikely, which we believe to be a reasonable
approach given the nature of this investigation and the limited transmission data available
about H30. Our use of probabilistic transmission event estimation methods also provided
context about the epidemiologic relevance of the clusters by translating SNV differences
to estimated transmission events. This study also had several strengths. Our multicenter
design included a large number of H30 isolates and used whole genome sequencing, the
highest resolution technology available for strain typing, as well as cutting-edge statistical
approaches to define putative transmission clusters. We were thus able to demonstrate
the utility of modern molecular epidemiologic approaches to address an important public
health issue in an understudied pediatric population.

As antimicrobial resistance rates among ExPEC rise, there is new urgency to improv-
ing our understanding of the transmission dynamics of these common pathogens. While
there are many ExPEC lineages in circulation, multidrug resistance is concentrated among
only a handful of dominant lineages, including E. coli ST131-H30. Using whole genome
sequencing of passively collected E. coli ST131- H30 clinical isolates from US children, we
demonstrated the ability to reveal putative transmission clusters and plausible nosocomial
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transmission events. Targeted genomic surveillance of ExPEC isolates collected during the
course of standard clinical care could help address the vast knowledge gaps about the trans-
mission of worrisome ExPEC lineages like H30.
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Chapter 3

Associations between the population structure of
the Escherichia coli sequence type 131 H30 lineage,
patient characteristics, and antimicrobial resistance
among U.S. children: a phylogenomic analysis

3.1 Introduction

Extraintestinal pathogenic E. coli (ExPEC) cause urinary tract, bloodstream, and other non-
intestinal infections and are responsible for substantial morbidity and mortality across all
ages.52 In the past two decades, increasing rates of antimicrobial resistance have compli-
cated the treatment of ExPEC infections.6 Multiple molecular epidemiologic surveillance
studies have implicated the proliferation of a particular lineage of ExPEC — known as
sequence type (ST) 131- H30 or Clade C — in the rising rates of resistance to extended
spectrum cephalosporins observed among ExPEC.11,20,22,41 In addition to being responsible
for between 40 and 50% of extended-spectrum cephalosporin resistant infections in both
adults and children, ST131- H30 is nearly ubiquitously resistant to fluoroquinolones and
commonly resistant to trimethoprim-sulfamethoxazole (TMP-SMX) and gentamicin.31,80 It
is also known to possess more virulence-associated factors than other multidrug resistant
ExPEC.13,16

These factors, along with ST131- H30’s (hereafter, H30) rapid global dissemination,
have earned it the label of an epidemic lineage warranting thorough examination. High-
resolution study of H30 can both enhance our ability to identify the emergence of future
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similar lineages and to develop interventions to prevent contemporary H30 infections.
Progress has been made on the former: several previous studies have used whole genome
sequencing (WGS) and phylogenomic methods to elucidate the details of the evolutionary
history of ST131 and its H30 sub lineage, including estimating the timing, location, and
gene acquisition events associated with its emergence.15,25,26,28,81 However, many founda-
tional epidemiologic questions relevant to the latter goal remain unanswered. For example,
H30 is known to cause both community and healthcare-associated infections, but it is still
unknown whether H30 emerged in healthcare or in the community, and where it currently
continues to predominantly spread.82 Additionally, while genetic diversity within H30 has
been observed, it is unknown if certain subtypes are associated with heterogeneity in pa-
tient characteristics such as patient age.

When integrated with epidemiologic data, WGS of pathogen genomes offers a power-
ful approach for exploring these epidemiologic questions. Such data integration has been
shown to shed light on the the spread of other pathogens between sexual and social net-
works and different types of hosts.83–85 However, this approach has not yet been applied to
H30. In this study, we combine WGS and patient data to explore some of these outstanding
questions about the epidemiology of H30 in U.S children. In particular, we seek to address
the community vs. healthcare dynamics of H30 and to identify whether particular H30 sub-
types are associated with different age groups. Additionally, we delve into the evolutionary
dynamics of resistance to TMP-SMX, an antimicrobial agent that is especially important in
children.
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3.2 Methods

3.2.1 Isolate collection, whole genome sequencing, and bioinformatic
methods

All isolates and clinical data came from the same multicenter case-control study described
in section 1.2.1. Briefly, between September 1, 2009 and September 30, 2013, four free-
standing children’s hospitals—referred to here as “West,” “Midwest 1,” “Midwest 2,” and
“East”— collected E. coli isolates during the course of standard clinical care from individu-
als <22 years old. All extended-spectrum cephalosporin-resistant (the original cases) and
a subset of extended-spectrum cephalosporin-sensitive isolates (the original controls) were
collected.35 The Institutional Review Board at each hospital approved the study protocol.
E. coli ST131- H30 isolates were identified using the fumC/fimH genotyping scheme;37 only
the first ST131-H30 isolate per individual was included. Those isolates identified as ST131-
H30 underwent whole genome sequencing as described in section 2.2.1. Short reads were
quality filtered, mapped to a H30 reference genome, and single nucleotide variants (SNVs)
were called as described in section 2.2.2 and section 2.2.3 to create a SNV-based core-
genome alignment. Short reads were also assembled into contigs, and known acquired
antimicrobial resistance genes, plasmid replicons, and virulence factors were identified as
described in section 2.2.4.

3.2.2 Collection of patient data

Selected patient data was collected from medical records as previously described.35 Factors
that were central to these analyses included patient age, as well as patient factors associated
with classifying infections as healthcare-associated vs. community-associated: presence of
an underlyingmedical condition, record of hospitalization in the 6months preceding isolate
collection, hospitalization at the time of isolate collection, and record of antibiotic use
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in the 30 days preceding isolate collection. Phenotypic antimicrobial resistance was also
evaluated as previously described.35

3.2.3 Comparing population structure to patient and antimicrobial re-
sistance characteristics

In order to generatemeaningful proportions of selected patient and antimicrobial resistance
characteristics by H30 clades, the sampling scheme of the original case-control study had to
be accounted for. We were able to estimate the expected proportion of ESC-R isolates in the
overall population ofH30 clinical isolates to be 12%; this estimate was generated using data
provided by each study site about the total number of extraintestinal E. coli collected during
the study period (Table A.2). Using this estimate, we created 9 “downsampled” datasets of
49 isolates each where ESC-R isolates were randomly sampled to the estimated unbiased
prevalence of 12%. These data were used for all formal comparisons of characteristics
by H30 clade. Categorical variables were compared using chi square tests with simulated
p-values, and continuous characteristics were compared using two-sample t-tests.

3.2.4 Temporal phylogenomic analyses

In order to assess whether the sequence data contained sufficient temporal signal to conduct
molecular-clock based phylogenomic analyses, a linear regression of root-to-tip distance
and sampling date was performed using R scripts available in Murrary et al.86 The statistical
significance of the temporal signal was assessed by permuting sampling dates 1000 times
and plotting the distribution of correlation coefficients; this was also undertaken using
scripts from Murray et al.86 Additionally, a pairwise linear distance regression was run to
assess the correlation between difference in sampling date and pairwise SNV distance.

Temporal phylogenomic analyses were carried out using BEAST v1.10.4.87 A general
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time reversible nucleotide substitution model was used with a gamma model of rate het-
erogeneity. A strict molecular clock was selected and a nonparametric Bayesian Gaussian
Markov random field skyline coalescent model was used to allow for variation in the pop-
ulation dynamics over evolutionary time.88 Markov chain Monte Carlo chain lengths for
each model were 100 million with sampling every 10,000 steps. The Stamatakis correction
for ascertainment bias was applied to take into account the inclusion of variable sites only
as input.89 The program Tracer v1.7 was used to evaluate MCMC chain convergence and
to examine marginal posterior distributions of parameters; 10% of the chain was removed
as burn-in.90

Discrete traits, including selected patient characteristics and antimicrobial resistance
factors, were included in the BEAST analyses for ancestral state reconstruction using an
asymmetric trait evolution model.91,92 Robust stochastic counting methods were applied to
count the number of transitions between selected traits over evolutionary time along with
95% highest posterior density (HPD) intervals.93,94 A maximum clade credibility tree was
created using Treeannotator v 1.10.4 with 10% of the trees discarded as burn-in.95 This
tree was used as the summary tree in all tree visualizations, which were constructed using
the R package ggtree.72

Since discrete trait analyses are known to be sensitive to sampling effects, we set out
to assess the robustness of the trait mapping results. First, discrete trait mapping analy-
ses were repeated on the previously described datasets that were downsampled for ESC-R
status and changes in the transition counts and 95% HPD intervals were visualized. In
addition, since the isolates were clinical E. coli isolates and the collection sites were terti-
atry care hospitals, we anticipated our collection was enriched for isolates collected from
individuals with underlying medical conditions. To address the impact of this potential
sampling bias, we assessed the sensitivity of healthcare-associated results to overrepresen-
tation of individuals with underlying medical conditions. We first took the same approach
as described above with the overrepresentation of ESC-R isolates: 9 subsampled datasets
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were created where the prevalence of underlying medical conditions was reduced by half
to a prevalence of 29%. We then repeated the discrete trait mapping analyses as previ-
ous described and summarized mean and 95% HPD intervals for transition counts. Given
the results of these analyses, we additionally employed a novel alternate ancestral state
reconstruction and transition counting approach in BEAST2 v2.5.0 called BASTA. BASTA is
based on an approximation of the structured coalescent and has been demonstrated to be
less sensitive to sampling bias.96,97

3.3 Results

3.3.1 Summary of patient characteristics and phenotypic antimicro-
bial resistance

In total, 130 E. coli isolates identified as ST131- H30 from unique individuals underwent
WGS. Three of the 130 isolates that were identified as H30 were determined to be mis-
classified due to a recombination event at the fimH locus and were excluded from further
analyses. One isolate did not meet inclusion criteria of coming from a unique individual
and was also excluded from further analyses, resulting in 126 remaining isolates. Over-
all, the majority of individuals were female (78.3% in ESC-R and 81.4% is ESC-S), the
vast majority of isolates originated from urine (94% in ESC-R and 95.3% in ESC-S), and
antimicrobial resistance to other classes of antibiotics was common. (Table 3.1)

3.3.2 Phylogenomic analysis of ST131-H30 in children

After initial quality filtering, 13,770 variant sites were identified out of the roughly 5.1 Mb
EC958 reference genome. Recombination analyses estimated that 10,005 (72.7%) of these
SNVs were in putative recombinant regions, while an additional 332 SNVs were identified
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Table 3.1: Selected patient characteritics and phenotypic antimicrobial resistance by
extended-spectrum cephalosporin resistance status (only includes one isolate collected per
individual).

ESC-R (n = 83) ESC-S (n = 43)
Patient characteristic
Age (years) 4.9 10.7
Male 18 (21.7) 8(18.6)
Site of infection
Blood 2 (2.4) 2 (4.7)
Urine 78 (94) 41 (95.3)
Other sterile site 3 (3.6) 0

Underlying medical condition 50 (60.2) 31 (72.1)
Hospitalization in the previous 6 months 25 (30.1) 13 (30.2)
Antibiotic use in the previous 30 days 34 (41) 15 (34.9)
Hospitalized at the time of infection 10 (12) 2(4.7)

Non-susceptibility
Ciprofloxicin 80 (96.3) 40 (93)
Trimethoprim-sulfamethoxazole 58 (69.9) 25(58.1)
Gentamicin 34 (40.1) 12 (27.9)
Note:
Abbreviations: ESC-R, extended-spectrum cephalosporin-resistant; ESC-S,
extended-spectrum cephalosporin-susceptible.

to be in phage-associated regions not captured by recombination analyses, resulting in non-
recombinant core SNV count of 3,433 sites. A phylogeny constructed from unfiltered sites
had several topological changes when compared to the recombination filtered phylogeny
(Figure B.5).

Temporal signal analyses demonstrated that there was sufficient clock-like signal in
the data to proceed with analyses in BEAST. BEAST analyses produced an estimated mu-
tation rate of of 3.33 x 10-7 substitutions per site per year (95% highest posterior density
[HPD] interval 2.23 x 10-7 to 4.57 x 10-7). The previously defined clades C1 and C2 were
readily observed in the maximum clade credibility phylogeny. One isolate was consistent
with membership in clade C0, a previously identified intermediate clade.26 That isolate is
highlighted in the phylogeny but was grouped with clade C1 for all epidemiologic compar-
isons.(Figure 3.1) BEAST estimated that the divergence of clade C0 from C1 and clade C1
from C2 were temporally very close in the early 1980s; the large overalp in the HPD in-
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tervals precluded determination of which divergence event occurred first using these data.
(Figure 3.1) The predicted population growth trajectory was estimated to be fairly constant
before the late 1970’s, with rapid growth from the late 1970’s to the late 2000’s, followed
by a slight decline by 2013. (Figure B.6)

3.3.3 Association between population structure and patient factors

Visual inspection of patient characteristics mapped onto the H30 phylogeny revealed po-
tential associations between clade, patient age, and presence of an underlying medical
condition (Figure 3.1). When formally comparing the distribution of patient characteris-
tics in the datasets downsampled for ESC-R status, older patient age and presence of an
underlying medical condition remained associated with clade C1 (Figures 3.3 and 3.2).
No significant associations were observed between previous hospitalization and clade (Fig-
ure 3.4). The low prevalence of patients that were hospitalized at the time of infection or
received antibiotics in the previous 30 days precluded formal comparisons.

To explore the healthcare-associated vs. community-associated origins of H30, we car-
ried out discrete trait stochastic mapping analyses in BEAST. Initial results based on the
complete dataset suggested that the ancestral H30 isolates were more likely to be isolated
from individuals with underlying illness than healthy individuals, (Figure 3.5A) while they
were less likely to be collected from individuals that were recently or currently hospital-
ized (Figure B.7A). These results persisted when repeating the analyses on the datasets
downsamped for ESCR status. (Figure 3.5C(ii) and Figure B.7A) However, when assessing
the sensitivity of these results to overrepresentation of individuals with underlying medical
conditions by repeating the analysis on datasets downsampled for individuals with un-
derlying medical conditions, the observed association with underlying medical condition
flipped directions: the ancestral isolates in these analyses were predicted to be from healthy
individuals, and there were more predicted transitions from healthy individuals to those
with underlying medical conditions.(Figure 3.5C(iii)) An alternative analysis based on the
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Figure 3.1: Maximum clade credibility tree of H30 based on BEAST analyses using a strict
molecular clock, GMRF skyline tree prior, and general time reversibile nucleotide substitu-
tion model. The tips of the tree are constrained by isolate dates and the time scale is shown
at the bottom of the tree. The tip labels of the tree are colored according to H30 clade, with
orange representing clade C2, blue representing clade C1, and purple representing the in-
termediate clade C0 isolate. Red circles at selected nodes indicate nodes where the posterior
probabilty was less than 75 percent. A table in the upper left hand corner provides the mean
pairwise SNV distance separating isolates in each clade. Black diamonds mark divergence
dates of interest with estimated node ages and 95 percent highest posterior density inter-
vals of node ages, along with posterior probability support for that node. The presence or
absence of selected patient characteristics are mapped to the right of the phylogeny, with
black indicating presence. Patient age in years is also mapped to the right of the phylogeny.
SNV = single nucleotide polymorphism, PP = posterior probability.
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structured coalescent using the full dataset was consisent with the analyses downsampled
for underlying medical condition.(Figure 3.5B) Together, these findings suggest that the
results from the traditional discrete trait stochastic mapping analysis were likely strongly
influenced by oversampling of individuals with underlying medical conditions, and that
the findings of the results based on the novel analytic approach based on the structured
coalescent, which suggested a community-based origin of H30 ancestors, were likely more
reliable.

3.3.4 Association between population structure and antimicrobial re-
sistance to TMP-SMX

Visual inspection of selected antimicrobial resistance characteristics mapped onto the H30
phylogeny highlighted the previously identified associations between the CTX-M-15 beta-
lactamase and clade C2, as well as the association between a subclade of clade C1 and
the CTX-M-27 beta-lactamase. It also revealed that phenotypic resistance to TMP-SMX was
spread throughout the phylogeny, although the sul2 resistance determinant associated with
sulfanamide resistance appeared associatedwith clade C1. Finally, there were no significant
associations between clade and count of acquired AMR genes (Figures 3.6 and 3.8).

We delved deeper into the evolutionary dynamics of TMP-SMX resistance using BEAST
discrete trait mapping analyses to identify whether TMP-SMX resistance pre-existed H30’s
divergence. Initial results suggested that the ancestral isolates were largely non-susceptible
to TMP-SMX, and that non-susceptibility was lost in several different instances across the
phylogeny. These loss events were frequently linked with predicted loss of the sul1 gene and
dfrA17 genes (Figure 3.7). Conversely, the ancestral isolates were predicted to not have the
sul2 gene, so there were more predicted transitions from sul2 absence to sul2 presence than
visa versa. These observations about phenotypic TMP-SMX resistance and the sul1 gene
held in the analyses downsampled for ESC-R isolates, as well as the analyses downsampled
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Figure 3.2: Proportion of individuals with a documented underlying medical condition by
H30 clades in 9 subsampled datasets of 49 isolates each. In each subsampled dataset, the
prevalence of extended-spectrum cephalosporin-resistant isolates was downsampled to 12
percent in order to reflect the estimated prevalence of extended-spectrum cephalosporin
resistance in the general population of clinical H30 isolates in children. Black sections of
each bar represent proportion with an underlying medical condition, while grey sections of
each bar represent the proportion of individuals without an underlying medical condition.
P-values calculated using chi square tests with simulated p-values.
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Figure 3.3: Distribution of patient age in years by H30 clades in 9 subsampled datasets
of 49 isolates each. In each subsampled dataset, the prevalence of extended-spectrum
cephalosporin-resistant isolates was downsampled to 12 percent in order to reflect the esti-
mated prevalence of extended-spectrum cephalosporin resistance in the general population
of clinical H30 isolates in children. P-values calculated using two sided student’s t-tests com-
paring the mean in clade C1 to the mean in clade C2. Horizontal line represents the overall
mean age in each subsampled dataset.
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Figure 3.4: Proportion of individuals that had been hospitalized in the 6 months prior
to isolate collection by H30 clades in 9 subsampled datasets of 49 isolates each. In each
subsampled dataset, the prevalence of extended-spectrum cephalosporin-resistant isolates
was downsampled to 12 percent in order to reflect the estimated prevalence of extended-
spectrum cephalosporin resistance in the general population of clinical H30 isolates in chil-
dren. Black sections of each bar represent proportion of individuals that had been hospital-
ized in the 6 months prior to isolate collection while grey sections of each bar represent the
proportion of individuals that were not hospitilzed in the 6 months prior to isolate collection.
P-values calculated using chi square tests with simulated p-values.
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Figure 3.5: Results of discrete trait mapping analyses with presence of an underlying medi-
cal condition as the discrete trait. A) Results from a traditional discrete trait mapping analysis
with the complete dataset. Maximum clade credibility tree summarizing output from BEAST
with time on the x-axis. Pie chart at nodes represent the posterior probability of each ances-
tor being collected from an individual with an underlying medical condition. B) Results from
BASTA, an alternative method for trait mapping that is based on an approximation of the
structured coalescent and is thought to be less sensitive to sampling biases. Maximum clade
credibility tree summarizing output from BEAST; x-axis not directly interpretable due to not
adjusting for the exclusion of constant sites in BASTA analysis. Pie charts at nodes represent
the posterior probability of each ancestor being collected from an individual with an underly-
ing medical condition. C) Mean and 95 percent highest posterior density intervals for counts
of estimated transitions between individuals with an underlying medical condition vs. not
over evolutionary time. The figure farthest to the left represents the results of the traditional
discrete trait analysis with the full dataset. The figure second from the left represents the
averaged results from 9 separate BEAST runs on the 9 datasets of 49 isolates each where the
prevalence of extended-spectrum cephalosporin isolates was fixed at 12 percent. The figure
second from the right represents the averaged results from 9 separate BEAST runs on the 9
datasets of 55 isolates each where the prevalence of isolates collected from individuls with
an underlying medical condition was fixed at 29 percent. The figure on the right shows the
same results from the BASTA run on the complete dataset.
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for patients with an underlying medical condition, while the sul2 observations and dfrA17
observations became more uncertain. (Figure 3.7 panels C and D)
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Figure 3.6: Maximum clade credibility tree of H30 based on BEAST analyses using a strict
molecular clock, GMRF skyline tree prior, and general time reversibile nucleotide substitu-
tion model. The tips of the tree are constrained by isolate dates and the time scale is shown
at the bottom of the tree. The tip labels of the tree are colored according to H30 clade,
with orange representing clade C2, blue representing clade C1, and purple representing the
intermediate clade C0 isolate. Red circles at selected nodes indicate nodes where the poste-
rior probabilty was less than 75 percent. Black diamonds mark divergence dates of interest
with estimated node ages and 95 percent highest posterior density intervals of node ages,
along with posterior probability support for that node. The presence or absence of selected
antimicrobial resistance characteristics are mapped to the right of the phylogeny, with black
indicating presence. A count of identified acquired antimicrobial resistance genes according
to the ResFinder database is located to the far right. SNV = single nucleotide polymorphism,
PP = posterior probability, ns sxt = non-susceptible to trimethoprim-sulfamethoxazole, ns
esc = non-susceptible to extended-spectrum cephalopsorins, ns cip = non-susceptible to
ciprofloxacin
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Figure 3.7: Results of discrete trait mapping analyses with various factors associated with
resistance to trimethoprim-sulfamethoxazole (TMP-SMX) mapped as discrete traits. A) Re-
sults from a traditional discrete trait mapping analysis with the complete dataset. Maxi-
mum clade credibility tree summarizing output from BEAST with time on the x-axis. Pie
chart at nodes represent the posterior probability of each ancestor i) being phenotypically
non-susceptible to TMP-SMX, ii) posessing the sul1 gene, which confers resistance to sul-
fonamides, iii) posessing the sul2 gene, which confers resistance to sulfonamides, and iv)
posessing the dfrA17 gene, which confers resistance to trimethoprim. B) Mean and 95 per-
cent highest posterior density intervals for counts of estimated transitions between states
associated with resistance to TMP-SMX over evolutionary time from the full dataset discrete
trait analysis. C) Same as B except averaged over 9 BEAST runs on the 9 datasets of 49
isolates each where the prevalence of extended-spectrum cephalosporin-resistant isolates
was fixed at 12 percent. D) Same as B except averaged over the 9 datasets of 55 isolates
each where the prevalence of isolates collected from individuls with an underlying medical
condition was fixed at 29 percent.
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Figure 3.8: Distribution of count of identified acquired antimicrobial resistance genes as
identified in the ResFinder database by H30 clades in 9 subsampled datasets of 49 isolates
each. In each subsampled dataset, the prevalence of extended-spectrum cephalosporin-
resistant isolates was downsampled to 12 percent in order to reflect the estimated preva-
lence of extended-spectrum cephalosporin resistance in the general population of clinical
H30 isolates in children. P-values calculated via two sided student’s t-tests.



55

3.4 Discussion

We integrated whole genome sequencing and patient data from a collection of E. coli ST131-
H30 isolates to investigate the dynamics between H30’s population structure and patient
characteristics, to explore the healthcare vs. community origins of the lineage, and to char-
acterize the evolutionary dynamics of antimicrobial resistance to TMP-SMX. We observed
that the previously identified clades C1 and C2 impacted different portions of the pediatric
population: clade C2 is associated with younger age and the absence of a documented un-
derlying medical condition when compared to clade C1. We also observed that discrete trait
stochastic mapping methods applied to presence of an underlying medical condition were
senstive to oversampling of individuals with an underlying medical condition, but when
taking this overrepresentation into account, ancestral H30 isolates were more likely to be
from individuals without healthcare-associated factors with evidence of numerous transi-
tions to less healthy patients over time. Finally, we did not observe associations between
clade and phenotypic resistance to TMP-SMX, or identify clonal expansion of any particular
clades of H30 as the culprit of high rates of TMP-SMX resistance among H30 isolates.

The importance of patient age and underlying medical condition is consistent with our
findings in Chapter 1, which compared these characteristics betweenH30 isolates and other
E. coli clones. There, we observed that among ESC-R infections, H30 was associated with
younger children, while among ESC-S infections, H30 was associated with older children
and presence of an underlying medical condition. Interestingly, in both the analysis in
Chapter 1 and this analysis, comparing to other highly antimicrobial resistant organisms
eliminates the ability to attribute the observed associations to antibiotic resistance writ
large. Instead, it encourages us to consider other factors that might mediate the association
between certain H30 subtypes and young age, such as immunological factors, transmission
dynamics, or specific virulence factors that are either associated with the transition from
colonization to infection or colonization persistence. While the uneven sampling and small
numbers in this study precluded such analyses here, a post hoc summary of the overall
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virulence factor count in our downsampled datasets did reveal that clade C2 had a higher
overall count of known virulence factors than clade C1.(Figure B.8) Overall, this observed
link between clade C2 and young children is cause for concern and warrants future study.

Whether or not ST131-H30 is more dominant in healthcare settings or in the com-
munity has been an ongoing open question since it was first identified.82 This question is
especially important for healthcare infection prevention professionals, because if health-
care is driving H30’s spread, more resources should be put into developing interventions to
interrupt transmission in the healthcare setting. We sought to capitalize on our combina-
tion of WGS and patient data about healthcare contact to explore the evolutionary history
of these healthcare vs. community dynamics. While our initial results suggested that the
ancestral isolates came from individuals with underlying medical conditions, the sensitiv-
ity analyses demonstrated that this association was very sensitive to changes in sampling
frequency of individuals with an underlying medical condition, causing us to reverse our
conclusions to healthy individuals being the most likely hosts of ancestral H30 isolates. De-
spite the caution required in interpreting these analyses, it is notable that our results are
not consistent with healthcare contact in particular being central to the dissemination of
H30. This line of thought is also supported by the small number of putative transmission
clusters identified in Chapter 2. Future studies from more diverse patient populations with
carefully designed sampling are needed.

We also sought to shed light on the evolution of resistance to TMP-SMX, an agent that
is especially vital in the pediatric population due to infrequent use of fluroquinolones in
children,98 but has historically received less attention despite high rates of resistance inH30.
Specifically, we looked for evidence of defining gene acquisition events or clonal expan-
sion that might be responsible for these high rates of resistance — comparable to the pre-
viously defined events that conferred fluoroquinolone resistance and extended-spectrum
cephalosporin resistance within this same clone.15,25,26 We observed that the ancestral iso-
lates were consistently predicted to be non-susceptible to TMP-SMX, suggesting that if there
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were any such defining events, they occurred outside the scope of our data. In addition,
the frequent presence of multiple separate genetic determinants that are known to confer
resistance to TMP-SMX is consistent with the hypothesis that this particular phenotype is
likely more associated with indirect rather than direct selective forces.99

Finally, there are methodological findings from these analyses that are worth not-
ing. Since bacteria evolve more slowly than other measurably evolving pathogens such
as viruses, there is often uncertainty about the utility of applying temporal phylogenomic
methods to collections of isolates that do not span decades.100 Although not the primary
aim of these analyses, our BEAST-based estimates for evolutionary parameters such as
substitution rate, demographic history, and dates of clade divergence are consistent with
other recent studies of ST131 that utilized independent and temporally wider-ranging data
sets.26,28,81 This supports the viability of these methods for future studies of ExPEC, so long
as the sensitivity to changes in model specification are assessed and unnecessarily com-
plex models are avoided. This study is also one of the first, to our knowledge, to compare
the more well-established discrete trait mapping methods to newer methods based on ap-
proximations of the structured coalescent in bacterial data.97 Interestingly, the results of
the more traditional discrete trait mapping analyses that downsampled for the overrepre-
sented trait were consistent with the structured coalescent-based results. Overall, this work
highlights both the power and challenges associated with using phylogenomic methods to
investigate epidemiologic questions in bacteria.

In summary, by integrating patient data and WGS data from a collection of ST131-H30
isolates from four pediatric hospitals over four years, we observed that previously defined
genetic heterogeneity within the H30 clone is associated with patient age and presence of
an underlying medical condition within U.S. children. We also observed that the commu-
nity is the most likely source of ancestral H30 isolates, although these results should be
interpreted cautiously based on demonstrated sensitively to sampling. Finally, we found
that the evolutionary dynamics of TMP-SMX resistance in H30 are complex, and that if
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there were particular influential gene acquisition events that led to high rates of TMP-SMX
resistance in H30, they occurred prior to the emergence of the H30 lineage. Future efforts
geared toward elucidating the transmission dynamics of H30may benefit from focusing on
young children and community settings.
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Conclusion

Molecular epidemiology of infectious diseases originated as a typing method—a way to
categorize infections into smaller, more homogenous categories to better define outbreaks
and subsequently expedite the implementation of preventative measures. In recent years,
rapid increased accessibility of whole genome sequencing— which provides access to all
of the pathogen genomic data rather than just a small portion— has expanded the types of
epidemiologic questions that can be addressed using molecular data.101 The development
of this new genomic toolbox for infectious disease epidemiologists is timely, as between
emerging infections, re-emerging vaccine-preventable disease, and dramatically rising rates
of antimicrobial resistance, we are facing some of the biggest infectious disease threats since
the advent of modern medicine.

In this dissertation, I applied molecular and genomic epidemiologic methods to a con-
cerning antimicrobial-resistant pathogen, E. coli ST131- H30, to study its epidemiology
among U.S. children. In Chapter 1, I defined the burden of ST131- H30 in children, show-
ing that although less common overall than in adult populations, it is similarly dominant
among very antimicrobial-resistant isolates. Additionally, young children were dispropor-
tionately affected by H30 compared to other antimicrobial-resistant clones. In Chapter 2, I
presented a proof of principle of the utility of isolates collected from clinical microbiology
laboratories for identifying putative transmission clusters of H30 among children. I also ap-
plied a novel probabilistic approach for quantifying uncaptured transmission events, which
shows great promise for silently spreading pathogens like H30. In Chapter 3, I identified
associations between H30 subtypes and patient characteristics, again identifying patient
age as an important factor. I also carried out a high-resolution temporal phylogenomic
analyses on H30, and by integrating data associated with patient healthcare contact, found
that ancestral H30 isolates were more likely to be community-associated than healthcare-
associated. Finally, I used this same framework to explore the evolutionary dynamics of



60

resistance to trimethoprim-sulfamethoxazole, a commonly used antimicrobial agent in pe-
diatrics, and observed that the acquisition of resistance to this agent likely occurred prior
to the differentiation of specific H30 clades.

While recent work suggests that the population growth of E. coli ST131- H30 has sub-
sided, it is still currently one of a handful of dominant ExPEC clones, and deserves future
study with the goal of protecting the most vulnerable patients, such as young children, from
infection.81 Additionally, as humans continue to apply evolutionary pressure through our
use of antibiotics in clinical settings and in the environment, and as interclone competition
continues, it is inevitable that new dominant ExPEC clones will emerge. The threat of a
widespread, virulent, pan-resistant ExPEC clone is disturbingly close, and we need to ap-
ply our most sophisticated methods to study these pathogens so that we can be proactive
instead of reactive when the next high-risk clone emerges.

Finally, in addition to addressing significant knowledge gaps about the epidemiology
of H30 in children, this work highlights the methodological challenges associated with ge-
nomic epidemiologic work. The data used in these analyses, which were collected during
a case-control study, highlight the perils of uneven sampling in addressing epidemiologic
questions. Rigorous epidemiologic principles, such as including carefully chosen compari-
son groups and addressing sampling biases, need to have a bigger presence in the world of
molecular and genomic epidemiology, so that data and summary measures are not misin-
terpreted. Additionally, while all data requires some level of processing and filtering, the
sheer amount of data used in genomic epidemiologic studies raises concerns about stan-
dardizing methods and how each data processing decision impacts downstream analyses.
This is particularly true with bacteria, as the genomes are more complex and numerous
data processing steps are required to facilitate phylogenetic analyses. More effort and re-
sources need to be applied to systematically studying the effects of bioinformatic decisions
on epidemiologic analyses, in order to continue to support the transition of these methods
out of academia and into applied public health.
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Overall, this work represents a leap forward in our understanding of the epidemiology
of the problematic E. coli ST131- H30 clone among children in the U.S. It also demonstrates
that when combined with epidemiologic data, whole genome sequencing of pathogens of-
fers great promise for the advancement of infectious disease epidemiology. In order to
maximize the translational impact of genomic and computational methodological advance-
ments, there is a need for individuals who can bridge the understanding between infectious
disease epidemiology and genomics, specifically for those with both a solid foundation in
epidemiologic methods and the ability to manage, analyze, and synthesize genomic data.
This dissertation has served as a vehicle for my development into such an individual. I
feel fortunate to have had the opportunity to conduct this work, and I look forward to
continuing to develop and apply these newly acquired skills for the betterment of public
health.
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Appendix A

Supplementary tables

Table A.1: Most common CH types by ESC-R status (only including the first isolate collected
per individual).

CH type ESC-R (n = 278) ESC-S (n = 1008)
H30 (40-30) 83 (29.9) 47 (4.7)
Other ST-131-associated types
40-41 7 (2.5) 26 (2.6)
40-22 3 (1.1) 2 (0.2)
40-27 3 (1.1) 8 (0.8)

Other common types
37-27 10 (3.6) 1 (0.1)
26-5 10 (3.6) 9 (0.9)
11-54 7 (2.5) 11 (1.1)
35-27 7 (2.5) 105 (10.4)
38-41 3 (1.1) 102 (10.1)
14-27 0 (–) 47 (4.7)
24-10 0 (–) 46 (4.6)

All others 145 (52.2) 604 (59.9)
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Table A.2: Raw numbers used for the ST131-H30 and H30Rx prevalence estimates. These
numbers can include repeat isolates from a given patient if they were collected within 15
days of the first isolate.

West Midwest 1 Midwest 2 East All sites
ESC-R 116 100 37 81 334
H30 (all) 29 40 13 37 119
H30Rx 25 22 10 25 82

ESC-S 348 299 111 240 998
H30 (all) 13 16 3 15 47
H30Rx 1 2 0 2 5

Total # of E. coli)a 3021 6668 2163 9947 21799
Note:
Abbreviations: ESC-R = extended-spectrum cephalosporin-resistant.
ESC-S = extended spectrum cephalosporin-susceptible

a This count was provided by each study center and was used to calculate
weights for the overall estimate of prevalence.

Table A.3: Analysis of interaction between age and underlying medical condition risk of H30
infection vs. infection with other E. coli types using log-binomial regression models among
ESC-R isolates

Age
0-5 years 6-21 years

RR (95% CI)a RR (95% CI)a RRs (95% CI)a for Age
0-5 vs. Age 6-21
within strata of
underlying medical
condition

Presence of an underlying medical condition 2.07 (1.22-3.52) 1.0 (ref) 2.04 (1.20-3.45)
No underlying medical condition 2.07 (1.18-3.64) 1.11 (0.52-2.36) 1.92 (0.98-3.75)
RRs (95% CI) for underlying medical condition within age strata 1.00 (0.67-1.49) 0.87 (0.41-1.87)
Note:
Interaction contrast ratio (ICR), -0.10 (95% confidence interval, -1.67 to 1.03). When interpreting the ICR, deviation from 0
indicates evidence of interaction on the additive scale (see Supplementary Methods).
Abbreviations: CI, confidence interval; RR, relative risk.

a RRs adjusted for study hospital.
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Appendix B

Supplementary figures
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Figure B.1: Schematic dendrogram of ST131-H30 population structure as interpreted in
Chapter 1, with associated phenotypic and genotypic characteristics. Solid arrows indicate
strong associations identified in existing literature, but are not universal; organisms that
have undergone recombination or lost mobile genetic elements may not possess these char-
acteristics. ESBL = extended-spectrum beta-lactamase.

Figure B.2: Schematic of subsets of isolates and data used in each presented analyses in
Chapter 1
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Figure B.3: Results of a root-to-tip regression on the H30 isolates included in this study.The
tip dates, assigned using the collection date of the isolate, is regressed upon the distance from
the estimated root in the maximum likelihood phylogeny to determine temporal signal.
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Figure B.4: Scatter plot of pairwise single nucleotide variant (SNV) distances against the
days between isolate collection. A linear regression model produced a slope of 0.00257
and a p-value of 0.0002, indicating that there is a slight but statistically significant positive
linear trend. These results led to the selection of a strict molecular clock model for all dated
phylogenetic analyses
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Figure B.5: Tanglegram reflecting the topological differences between a maximum-
likelihood phylogeny constructed from single nucleotide variants (SNVs) with SNVs asso-
ciated with recombinant events as identified by Gubbins, or phage-associated regions iden-
tified in PHASTer filtered out (3433 SNVs, left) to a maximum-likelihood phylogeny con-
structed from SNVs without filtering for putative recombinant sites and phage-associated
regions (10,005 SNVs, right). Both phylogenies were created by mapping short reads to the
EC958 reference genome. Orange corresponds to clade C2 in the filtered tree, while blue
corresponds to clade C1.
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Figure B.6: This curve, output from BEAST, shows the growth line for the median population
growth rate of E.coli ST131-H30 according to the temporal phylogenomic analysis conducted
in this study with the selection of a strict molecular clock and a GMRF skyline demographic
model. The y axis is on a log scale. The solid blue area represents the 95 percent HPD
interval for the growth rate. The dotted black lines represent the 95 percent HPD for the age
of the root of the phylogeny
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Figure B.7: Results of discrete trait mapping analyses with hospitalization in the 6 months
preceding infection and hospitalization at the time of infection mapped as discrete traits. A)
Results from a discrete trait mapping analysis with the complete dataset. Maximum clade
credibility tree summarizing output from BEAST with time on the x-axis. Pie chart at nodes
represent the posterior probability of each ancestor i) being isolated from an individual that
was hospitalized in the 6 months prior to infection, ii) being isolated from an individual that
was hospitalized at the time of infection B(i) Mean and 95 percent highest posterior density
intervals for counts of estimated transitions between hosts that were previously hospitalized
vs. not over evolutionary time. Shown for discrete trait analysis with full dataset, discrete
trait analysis averaged over 9 BEAST runs on the 9 datasets of 49 isolates each where the
prevalence of extended-spectrum cephalosporin isolates was fixed at 12 percent, and aver-
aged over the 9 datasets of 55 isolates each where the prevalence of isolates collected from
individuls with an underlying medical condition was fixed at 29 percent. C) Same as B
except for hospitalization at the time of infection as the discrete trait
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Figure B.8: Distribution of count of identified virulence factor genes as identified in the ecoli
vf database by H30 cladesin 9 subsampled datasets of 49 isolates each. In each subsampled
dataset, the prevalence of extended-spectrum cephalosporin-resistant isolates was down-
sampled to 12 percent in order to reflect the estimated prevalence of extended-spectrum
cephalosporin resistance in the general population of clinical H30 isolates in children. P-
values calculated two sided student’s t-tests
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