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A B S T R A C T   

A one-health perspective may provide new and actionable information about Escherichia coli transmission. E. coli 
colonizes a broad range of vertebrates, including humans and food-production animals, and is a leading cause of 
bladder, kidney, and bloodstream infections in humans. Substantial evidence supports foodborne transmission of 
pathogenic E. coli strains from food animals to humans. However, the relative contribution of foodborne zoonotic 
E. coli (FZEC) to the human extraintestinal disease burden and the distinguishing characteristics of such strains 
remain undefined. Using a comparative genomic analysis of a large collection of contemporaneous, 
geographically-matched clinical and meat-source E. coli isolates (n = 3111), we identified 17 source-associated 
mobile genetic elements – predominantly plasmids and bacteriophages – and integrated them into a novel 
Bayesian latent class model to predict the origins of clinical E. coli isolates. We estimated that approximately 8 % 
of human extraintestinal E. coli infections (mostly urinary tract infections) in our study population were caused 
by FZEC. FZEC strains were equally likely to cause symptomatic disease as non-FZEC strains. Two FZEC lineages, 
ST131-H22 and ST58, appeared to have particularly high virulence potential. Our findings imply that FZEC 
strains collectively cause more urinary tract infections than does any single non-E. coli uropathogenic species (e. 
g., Klebsiella pneumoniae). Our novel approach can be applied in other settings to identify the highest-risk FZEC 
strains, determine their sources, and inform new one-health strategies to decrease the heavy public health burden 
imposed by extraintestinal E. coli infections.   

Abbreviations: BLCM, Bayesian latent class model; FZEC, Foodborne zoonotic Escherichia coli; MGE, Mobile genetic element; MLST, multilocus sequence typing; 
ST, Sequence type; UTI, urinary tract infections. 
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1. Background 

The concept that urinary tract infections (UTIs) could be caused by 
foodborne Escherichia coli was proposed as early as the 1960s as an 
explanation for both community- and hospital-acquired UTI [1–3]. 
Subsequent investigations supported this concept for both UTI outbreaks 
[4,5] and sporadic cases [6,7]. Although E. coli UTI only rarely pro
gresses to serious invasive disease, the enormous number of cases makes 
it a leading cause of E. coli-associated sepsis deaths worldwide [8]. Yet, 
we still lack a fundamental understanding of the origins and trans
mission dynamics of the causative E. coli strains, including the propor
tion that originate from food animals and are acquired through the food 
supply (i.e., foodborne zoonotic E. coli (FZEC)). Until we close these 
knowledge gaps, our ability to control these prevalent infections will be 
limited. 

Most UTIs are sporadic; therefore, quantifying the overall proportion 
of cases that are attributable to foodborne zoonotic E. coli strains differs 
fundamentally from identifying the source of single-strain foodborne 
disease outbreaks [9,10]. That is because the extraintestinal pathogenic 
E. coli strains that cause UTIs, colonize the billions of animals raised for 
meat, and contaminate meat products are tremendously diverse [11]. 
Each E. coli sequence type (ST) comprises multiple distinct genetic 
variants (strains), and the total E. coli population currently comprises 
>13,000 STs [12–15]. Thus, identifying direct strain matches between 
UTI isolates and meat-source isolates is extremely unlikely, even with a 
huge sample size. Accordingly, defining the fraction of UTIs attributable 
to FZEC strains requires a novel genomic approach. 

Host-adaptive genes, which likely underlie the broad host range of 
E. coli, may hold the key to differentiating E. coli strains that originate 
from various animal species [16]. As much as 47% of the genes in an 
individual E. coli strain can be categorized as “accessory genes” and may 
help it adapt to specific environments [17]. The host-adaptive genes that 
are on mobile genetic elements (MGEs), in particular, may be lost and 
gained quickly as E. coli strains transition between hosts. E. coli carrying 
MGEs inconsistent with the vertebrate species from which they were 
isolated may be indicative of recent host transitions (i.e., spillovers). 
Previously, we used poultry-associated ColV plasmids in conjunction 
with high-resolution phylogenetics to identify poultry-adapted E. coli 
strains among human UTI isolates [18]. ColV plasmids and similar host- 
associated MGEs could serve as powerful tools for quantifying the pro
portion of human extraintestinal infections caused by FZEC [19]. 

In the present study, we compared the genomes of E. coli from retail 
meat products with contemporaneous human clinical isolates from the 
same locale to identify source-associated MGEs. By using a novel 
Bayesian statistical approach that incorporated these elements, we 
further inferred the clinical isolates’ likely host origin, then estimated 
the proportion of human E. coli cystitis episodes or invasive infections 
caused by foodborne zoonotic E. coli. We also sought to identify meat- 
source E. coli lineages that are disproportionately likely to cause food
borne cystitis or invasive infections in humans. 

2. Methods 

2.1. Study population 

Retail meat samples and clinical isolates were collected from January 
1, 2012 to December 31, 2012 in Flagstaff, Arizona as described previ
ously [18]. During this 12-month period, all available brands of raw 
chicken, turkey, and pork were sampled from all nine major grocery 
chains in Flagstaff every two weeks. Concurrently, all human clinical 
E. coli isolates from urine and blood samples at the Flagstaff Medical 
Center – the main clinical laboratory serving Flagstaff and surrounding 
cities – were collected. The Northern Arizona Healthcare IRB approved 
isolate collection and medical record review (protocol number: 
573857–4) with a waiver of consent. 

2.2. E. coli collection and susceptibility testing 

A single E. coli isolate was recovered from each meat product using 
enrichment methods as described previously [20]. Antimicrobial sus
ceptibility for the meat isolates was determined by disk diffusion in 
accordance with the Clinical and Laboratory Standards Institute [21]. 

Urine and blood E. coli isolates were recovered in the clinical labo
ratory using standard techniques. Briefly, urine specimens were 
collected by midstream clean-catch or straight catheterization and 
cultured on sheep blood and MacConkey agars within 2 h of collection, 
or with refrigeration for up to 24 h. A positive urine culture was defined 
as ≥104 colony-forming units (CFU)/mL of urine for clean-catch or ≥
103 CFU/mL for straight catheterization specimens. Species determi
nation and antimicrobial susceptibility testing was performed using the 
BD Phoenix (Becton-Dickinson Diagnostic Systems, Sparks, MD, USA). 

2.3. Clinical data collection 

For patients with positive blood and urine E. coli cultures, retro
spective medical record review was performed whenever possible to 
collect primary and secondary diagnoses, clinical laboratory results, and 
symptom keywords. The clinical syndrome associated with each isolate 
was annotated as asymptomatic bacteriuria, cystitis, pyelonephritis, 
bacteremia/sepsis, or urosepsis (Figs. S1 and S2). Blood and urine iso
lates collected during a 48 h period from patients with identical age, sex, 
and city of residence were annotated as being from a single urosepsis 
case (n = 25 pairs); however, both blood and urine isolates were 
included in subsequent genomic analyses. 

2.4. Core-genome-based phylogenetic analysis 

Illumina short-read DNA sequence libraries were generated from 
1,188 human clinical urine and blood isolates and 1,923 meat isolates, 
including chicken (n = 1,156), turkey (n = 473), and pork samples (n =
310). Genomes were assembled and characterized by multilocus 
sequence typing (MLST) as described previously [18]. Pan-MLST and 
individual MLST maximum-likelihood phylogenies were generated as 
described previously [18]. A list of reference genomes is available in the 
supplementary materials (Table S1). 

2.5. Identification of source-associated accessory genes 

Illumina DNA reads were assembled and annotated with Prokka 
(v.1.13) and the resultant GFF files were used in Roary (v.3.12.0) for 
pan-genome analysis to generate accessory gene presence/absence ma
trix for each isolate. Accessory genes differentially associated with 
human, chicken, turkey, and pork sample types were identified using 
pairwise comparisons (i.e., human vs. an individual meat type) based on 
sensitivity (> 25%), specificity (> 60%), and odds ratio (> 1), Benjamini 
Hochberg p-value (< 0.05) and best pairwise p-value (< 0.05). Source- 
associated accessory genes were further collapsed into gene clusters (i. 
e., elements) when their pairwise Pearson correlation was >0.7. 

2.6. Inferring host origin by Bayesian latent class model 

A Bayesian latent class model (BLCM) was used to generate proba
bilistic predictions of host origin for each isolate as previously described 
[22]. The BLCM applied here assumes the host origin for each isolate is 
in an unobserved class of human or meat. To infer the latent host origins, 
BLCM uses multivariate binary responses from presence or absence of 17 
source-associated MGEs, along with clade information based on the pan- 
ST core genome phylogeny, to generate a host-origin probability score 
for each isolate. For response probabilities, independent logistic normal 
priors with mean 0 and standard deviation 1.5 were used; for the class 
probabilities (human vs meat), a Beta (1,1) prior was used. 

C.M. Liu et al.                                                                                                                                                                                                                                   



One Health 16 (2023) 100518

3

2.7. Statistical analysis 

Demographic, antimicrobial susceptibility, and clinical variables 
were compared between putative zoonotic isolates and those of putative 
human origin using Chi-squared, Fisher’s Exact, and Wilcoxon Rank 
Sum tests, as appropriate. The association between age, sex and putative 
origin category was evaluated using multivariate logistic regression. 
Missing data were excluded from statistical comparisons. Analyses were 
performed in SAS (SAS Institute Inc., v.9.4, Cary, NC, USA), R, v.3.3.1, 
and with Bayesian inference software JAGS v.4.2.0. 

2.8. Role of the funding source 

The funders had no role in study design; in the collection, analysis, 
and interpretation of data; in the writing of the report; or in the decision 
to submit the paper for publication. 

3. Results 

3.1. Core genome diversity among E. coli isolates from retail meat and 
human infections 

Significant population diversity was evident among our contempo
raneously collected retail meat and human clinical E. coli isolates in the 
study site (Flagstaff, Arizona) over a 12-month period. Some sequence 
types (STs) consisted solely of meat isolates or human isolates; others 
included E. coli isolates from both sample types. Specifically, we 
detected 443 STs among the 3120 total E. coli isolates (1932 retail meat 
isolates; 1188 human clinical blood and urine isolates). Of the 443 STs, 
247 included only meat isolates, 120 included only human isolates, and 
76 included both meat and human isolates. 

We generated a pan-ST phylogenetic tree, which revealed deep- 
rooted relationships between lineage and sample type (meat versus 
human), while also showing evidence of host transitions (Fig. 1). The 
pan-ST tree included three major clades: clades CH1 and CH2 comprised 
mainly human isolate-dominated STs, whereas clade CM1 comprised 
mainly meat isolate-dominated STs. This extensive phylogenetic segre
gation of meat and human isolates suggests host-specific biological 
adaptation. Given that background, the intermixing of human and meat- 
source isolates within certain clades and individual STs suggests host 
transitions. 

To investigate potential zoonotic E. coli transmissions, we generated 
rooted phylogenies for the 56 individual STs that included four or more 
E. coli isolates from meat and humans (Fig. S3). In these higher- 
resolution rooted phylogenies, we expected to accomplish two goals: 
first, to identify the direction of transmission based on the locations of 
meat and human isolates in ancestral versus derived clades; second, to 
infer the time scale of transmission events based on short or long branch 
lengths found in each clade. However, the resulting phylogenies 
revealed substantial genetic diversity of the E. coli populations, with few 
close clonal relationships even among isolates from the same ST and 
sample type (Fig. S4). This suggested that core-genome phylogenetic 
analysis alone could not readily be used to identify recent zoonotic 
transmission events. We therefore probed the accessory genome to 
gather more information regarding potential host transitions. 

3.2. Identifying E. coli MGEs differentially associated with E. coli from 
humans versus meat 

Our goal was to identify MGEs that are differentially associated with 
E. coli strains from humans and three major meat types, including 
chicken, turkey, and pork. To identify such source-associated MGEs, we 
first constructed a pan-genome using our isolate collection. This pan- 
genome comprised 60,648 genes, including 2940 core genes (5%) and 
57,474 accessory genes (95%). Next, we conducted a genome-wide as
sociation study to identify accessory genes that were associated with 

specific sample types. This revealed 366 non-redundant source-associ
ated accessory genes. Most of these accessory genes (96%) were part of 
multigene clusters (n = 46), of which 17 (37%) bore hallmarks of MGEs 
(Fig. S5). 

The 17 source-associated MGEs included 11 plasmids, four pro
phages, one integrative and conjugative element, and one integrative 
and mobilizable element. Each MGE contained between 2 and 42 source- 
associated accessory genes, which co-occurred consistently across 
strains. Of the 17 source-associated MGEs, six were associated with 
humans and the other 11 with meat; their known features and possible 
selective functions are shown Table S2. 

We observed that the meat-associated MGEs provided the greatest 
predictive value for distinguishing between meat versus human isolates, 
as opposed to distinguishing individual meat types (Fig. 2). Using the 11 
meat-associated MGEs collectively – that is, by attributing isolates to a 
meat source based on presence of at least one of these 11 MGEs – 
increased the sensitivity for detecting meat isolates to 98.2% from the 
70.1% maximum sensitivity of any single meat-associated MGE; how
ever, this approach also lowered the specificity to 34.9% (Fig. 2). The 
human-associated MGEs could also be used collectively, but again with 
reduced specificity. To optimize the combined sensitivity and specificity 
of the 17 MGEs for predicting the origins of E. coli isolates, we integrated 
them into a Bayesian latent class model (BLCM) [22]. 

Fig. 1. Phylogenetic relationships and source associations of major sequence 
types (STs). A rooted, maximum-likelihood phylogeny was constructed using a 
single arbitrarily-chosen isolate from each ST observed four or more times. The 
three major clades – CM1, CH1, and CH2 – are shaded (inner ring). For each 
clade, the proportion of meat and human clinical isolates is shown in a pie chart 
(red area = meat isolates; yellow area = human clinical isolates). The radiating 
colored columns indicate the number of isolates in the corresponding ST 
(proportional to column length, ranging from a minimum of four to a maximum 
of 223 [ST117]) and their source distribution (reflected by the colour-coding: 
red area = meat isolates; yellow area = human clinical isolates). Scale bar 
represents the number of nucleotide substitutions per site. (For interpretation of 
the references to colour in this figure legend, the reader is referred to the web 
version of this article.) 
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3.3. Evaluation and application of a Bayesian latent class model for 
identifying foodborne zoonotic E. coli 

In general, BLCM is a finite mixture model for multivariate discrete 
responses that can be used to estimate the membership of each data 
point in a prespecified number of unobserved groups. Here, we used a 
two-class BLCM for the MGE data to presumptively identify human 
clinical E. coli isolates acquired from food animals through contami
nated meat (i.e., foodborne zoonotic E. coli [FZEC]). The model was 
validated on a curated subset of the present isolates, then applied to the 
entire collection, as described below: 

The BLCM assumed that the origin for each isolate was in a latent (i. 
e., unobserved) class of either meat or human. To infer the latent class of 
each isolate, the model used placement within one of the three major 
clades of the pan-ST phylogeny and presence (or absence) of the 17 
source-associated MGEs to generate a final latent class posterior 

probability score for each isolate. To minimize the risk of misclassifi
cation during the validation process, we excluded isolates (n = 168) that 
appeared to have undergone a host transition based on phylogenetic 
analysis. 

Our evaluation criterion for the model was agreement between the 
model’s predicted origin (meat or human) and the actual sample type 
(anticipating some level of disagreement due to the central hypothesis 
that spillover events do occur). We randomly partitioned the curated 
isolate collection into two datasets, one containing two-thirds of the data 
(the training set), the other containing one-third of the data (the vali
dation set). With the validation-set isolates, 96.3% (n = 949/985) of the 
model’s predicted source agreed with the known sample type. Model 
stability assessments, which were done using Markov chain Monte Carlo 
simulation trace plots and convergence diagnostics, supported the 
robustness of the BLCM for origin predictions. Finally, we applied the 
model to the entire dataset. 

Fig. 2. Prevalence of source-associated mobile genetic elements (MGEs) by sample type and cumulative sensitivity/specificity. Panel A: The prevalence of MGEs 
among isolates from each sample type, with darker shading indicating higher prevalence of the MGE. Meat-associated MGEs were frequently associated with more 
than one type of meat (chicken, turkey, pork). Panel B: Sensitivity versus specificity of human-associated MGEs for the detection of E. coli strains isolated from human 
clinical samples, including asymptomatic bacteriuria, cystitis and sepsis. Panel C: Sensitivity versus specificity of meat-associated MGEs for the detection of E. coli 
strains isolated from meat. 

Fig. 3. Bayesian latent class model (BLCM) predictions versus known sample type. Panel A: BLCM probability of meat origin for E. coli isolates from human clinical 
samples. Isolates with probabilities >= 0.8 (right of the red dotted line) were considered to be of meat origin (i.e., meat-to-human spillover) and categorized as 
foodborne zoonotic E. coli. Pie chart shows the proportion of isolates predicted to be of human-origin (yellow) and meat-origin (red). Panel B: BLCM probability of 
meat origin for isolates from meat samples. Isolates with probabilities >= 0.8 (right of the yellow dotted line) were considered to be of human origin (i.e., human-to- 
meat spillover). Pie chart shows the proportion of isolates predicted to be of human-origin (yellow) and meat-origin (red). (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article.) 
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The resulting BLCM origin predictions for the full isolate collection 
showed a strikingly bimodal distribution that was largely consistent 
with sample type (Fig. 3). To obtain a dichotomous classification (i.e., 
meat or human origin), we applied user-defined probability thresholds 
of ≥0.80 for positive and ≤ 0.20 for negative; probabilities between 
these two values were considered indeterminate. 

Detailed analyses comparing inferences from core genome phylog
enies versus BLCM are shown in the supplementary materials (Fig. S6 
and S7). 

3.4. Identification of foodborne zoonotic E. coli strains among human 
E. coli infections 

The BLCM predicted that only a small minority of isolates had a 
different origin than the known sample type, presumptively indicating a 
recent host transition (n = 108) (Table S3). Specifically, the model 
predicted that only 0.5% (n = 10) of meat isolates originated in humans. 
In contrast, among the 1162 unique clinical cases, the model identified 
8.4% (n = 98) as involving E. coli of meat origin. Hereafter, we regard 
the isolates from these 98 human cases as foodborne zoonotic E. coli 
(FZEC). 

3.5. Differences in antimicrobial susceptibility profiles support foodborne 
zoonotic E. coli as a distinct population 

Our data indicate that the FZEC population, although presumably 
derived from meat and recovered from human patients, has a distinct 
antimicrobial susceptibility profile, as compared with the meat and 
human-origin E. coli populations for which the BLCM origin predictions 
matched sample type (Table 1). The FZEC isolates were generally less 
likely to be resistant to antimicrobials than were either the meat or the 
human-origin isolates. Clinically-relevant exceptions included 
trimethoprim-sulfamethoxazole and ciprofloxacin, for which resistance 
was more frequent among FZEC isolates than among meat isolates, and 
cefazolin and ceftriaxone, for which resistance was similarly frequent 
among FZEC isolates and human-origin isolates. Thus, although these 
FZEC isolates were generally less concerning from a resistance 
perspective than either of the other two populations, they nonetheless 
exhibited a substantial prevalence of resistance to clinically relevant 
antimicrobials, including those commonly used to treat E. coli infections 
such as cystitis, pyelonephritis, and sepsis. 

3.6. FZEC were as likely to cause sepsis, cystitis, and asymptomatic 
bacteriuria as were human-origin E. coli 

The clinical syndromes described among the 1162 clinical cases 
included asymptomatic bacteriuria (41.2%), cystitis (25.2%), pyelone
phritis (9.2%) and sepsis/urosepsis (8.6%). Diagnoses were unavailable 
for 183 (15.7%) cases. 

The only difference in clinical syndrome distribution between FZEC- 
associated cases and human-origin cases was that pyelonephritis was 
more common among human-origin cases (9.9%, vs. 2.0%: P = 0.01) 
(Table 2). Notably, FZEC-associated cases were as likely to qualify as 
sepsis or cystitis as putative human-origin cases. 

Most patients were female (88.2%). The population’s median age 
was 50 years (IQR, 24–71 years). Male and female patients were affected 
equally by FZEC and human-origin E. coli (Table 2); however, female 
patients affected by FZEC were significantly older than the female pa
tients affected by human-origin E. coli. 

3.7. Assessing the zoonotic potential of meat-associated lineages 

We next assessed which STs are highest-risk for causing symptomatic 
or invasive human infections (Fig. 4, Table S4). Multiple STs exhibited a 
substantial difference in proportional abundance among FZEC isolates 
vs. among meat isolates. This suggests that intrinsic zoonotic potential 

varies by ST, such that an ST’s abundance among clinical isolates is not 
merely a stochastic phenomenon that reflects the ST’s abundance in 
meat. Similarly, among the FZEC isolates, the rank order of STs by ab
solute abundance varied by clinical context, evidence suggesting ST- 
specific differences in pathogenic potential (Fig. 4, Table S4). For 
example, ST58 and ST131 were associated with the same fraction of 
total FZEC cases, which included a large proportion of isolates associ
ated with asymptomatic bacteriuria (ASB). However, when the analysis 
was constrained to symptomatic infection, ST131 became the dominant 
FZEC lineage. Yet when the analysis was constrained further to only 
invasive disease, ST58 became the dominant FZEC lineage, accounting 
for two cases, as compared to only a single case each for the other eight 
STs. Additionally, despite being the dominant symptomatic infection 
FZEC lineages, ST131 and ST58 were relatively infrequent among meat 
isolates (< 2% each) – further evidence that these two lineages have a 
relatively high intrinsic virulence potential. 

Table 1 
Antimicrobial susceptibility of meat isolates, foodborne zoonotic E. coli (FZEC) 
clinical isolates, and human-origin clinical isolates.   

Meat 
Isolates 

Human Clinical 
Isolates 

(n ¼ 1188)    

A. Meat 
origina 

(n ¼
1827)d 

B. 
FZECb 

(n ¼
98) 

C. non- 
FZECc 

(n ¼
1090) 

Chi-square p- 
valuee  

% Isolates (n) A vs B B vs C 

Resistance to 
Antimicrobial 
Classes      

0 32.5 
(594) 

51.0 
(50) 

44.6 
(486)   

≥ 1 67.5 
(1233) 

49.0 
(48) 

55.4 
(604) 

<0.001 0.22 

≥ 2 44.1 
(807) 

34.7 
(34) 

49.6 
(541) 

0.002 0.03 

≥ 3 (multidrug 
resistant) 

29.1 
(531) 

24.5 
(24) 

38.3 
(417) 

0.01 0.02 

Resistance to 
Individual 
Antimicrobials      

Ampicillin 33.0 
(603) 

27.6 
(27) 

46.7 
(509) 

0.26 <0.001 

Ampicillin Sulbactam 24.1 
(441) 

23.5 
(23) 

43.0 
(469) 

0.88 <0.001 

Cefazolin 29.4 
(537) 

15.3 
(15) 

18.3 
(199) 

0.003 0.46 

Cefoxitin 12.0 
(219) 

9.2 (9) 6.2 (68) 0.40 0.26 

Ceftriaxone 10.1 
(185) 

2.0 (2) 2.8 (31) 0.009 0.64 

Ciprofloxacin 0.1 (1) 6.1 (6) 18.7 
(204) 

<0.001 0.002 

Gentamicin 24.2 
(442) 

6.1 (6) 5.0 (54) <0.001 0.61 

Tetracycline 49.9 
(912) 

29.6 
(29) 

24.3 
(265) 

<0.001 0.25 

Trimethoprim 
Sulfamethoxazole 

5.6 (103) 11.2 
(11) 

28.0 
(305) 

0.02 <0.001 

Bold p-values denote statistical significance at the p < 0.05 level using a Chi- 
squared test. 

a Meat-derived isolates identified as having greater than 80% probability of 
being from a meat source. 

b Human clinical isolates identified as putative meat-to-human spillover, 
defined as having greater than 80% probability of being from a meat source. 

c Human clinical isolates not identified as putative meat-to-human spillover, 
defined as having less than 80% probability of being from a meat source. 

d Susceptibility not available for 4 isolates. 
e Bold values denote statistical significance at the p < 0.05 level. 
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4. Discussion 

In this study, we sought to develop new tools for studying E. coli 
through a one-health lens and estimate the proportion of human extra
intestinal E. coli infections caused by foodborne zoonotic E. coli (FZEC) 
strains. We accomplished this by identifying 17 source-associated mo
bile genetic elements (MGEs) and incorporating them into a Bayesian 
latent class model to predict the origin of E. coli isolates. Using this 
approach, we determined that approximately 8% of human extra
intestinal E. coli infections in the studied community were caused by 
FZEC strains. 

The public health implications of our findings are substantial. Since 
E. coli causes approximately 6 to 8 million UTIs in the U.S. annually 
[23], as many as 480,000 to 640,000 extraintestinal FZEC infections 
could occur in the U.S. each year. Our findings also implies that, 
collectively, FZEC strains could cause more UTIs annually than any non- 
E. coli uropathogenic species (e.g., Klebsiella pneumoniae) [24] or any of 
the major human-associated extraintestinal pathogenic E. coli lineages, 
including ST131-H30, ST95, and ST73. 

Our study was conducted using isolates from Flagstaff Arizona – a 
small American city with high-quality infrastructure for potable water, 
sanitation, and hygiene, and no large-scale food-animal production. 
FZEC infections may be even more common in low- and middle-income 
countries, where the water, sanitation and hygiene infrastructure are 
less developed and where human populations live near food animals 
[25]. Likewise, the antimicrobial susceptibility of FZEC isolates may 
vary greatly with antimicrobial use patterns in different countries. 

The present FZEC isolates differed significantly from both the meat 
associated E. coli populations and the non-FZEC clinical isolates with 
respect to antimicrobial susceptibility profiles, suggesting that they 
represented a distinct population. All the meat isolates were produced in 
the US; therefore, the E. coli populations that contaminate them should 
reflect domestic antimicrobial use practices. In contrast, the human 
population was a mix of residents of Flagstaff and surrounding com
munities as well as domestic and foreign visitors. Even the local human 
resident populations may have been exposed to diverse FZEC strains 
from foreign travel, which is a well-established risk factor for becoming 
colonized with antimicrobial-resistant Enterobacteriaceae [26]. 

Our novel MGE-based approach enabled us to quantify, with greater 
confidence than possible previously, the proportion of human extra
intestinal E. coli infections caused by FZEC, and to identify high-risk 
lineages. Conventional molecular epidemiologic methods, including 
core genome phylogenetic analysis, have been critical for determining 
strain identity and for identifying point-source outbreaks [27–29]. By 
contrast, however, such methods are poorly suited for determining the 
host origins of sporadic infections, especially those involving highly 
diverse colonizing opportunistic pathogens such as E. coli. 

Our analysis of E. coli populations from meat and humans indicates 
that certain sequence types are strongly associated with source. How
ever, our detailed phylogenetic analysis suggests that even strains from 
strongly host-associated lineages can switch hosts. Therefore, relying on 
sequence type alone may lead to false assumptions about the origins of 
an isolate. We believe that the current best approach for predicting or
igins for a clinical E. coli isolate is to determine its lineage and source- 
associated MGE profile by whole genome sequencing and then 
applying our Bayesian model to generate a source probability. 

An important benefit of our MGE-based approach is that, when used 
in conjunction with ST-specific core-genome phylogenies, it can differ
entiate recent host spillovers from historic host-switch events. Accu
rately identifying strains involved in recent animal-to-human spillovers 
is critical to developing targeted intervention strategies in food animal 
populations, e.g., vaccinating against high-risk lineages. By contrast, 

Table 2 
Summary of clinical outcomes and patient profiles (age/sex) of foodborne zoo
notic E. coli (FZEC) vs non-FZEC infections.   

A. 
FZECclinicala 

B. Non- 
FZECclinicalb 

p- 
valuec 

(n = 98) (n = 969) AvsB 

Diagnosis (n, column %)    
Asymptomatic 
bacteriuria 

44 (44.9) 386 (39.8) 0.33 

Cystitis 32 (32.7) 240 (24.8) 0.09 
Pyelonephritis 2 (2.0) 96 (9.9) 0.01 
Sepsis/urosepsis 8 (8.2) 86 (8.9) 0.81 
Not coded 12 (12.2) 161 (16.6) 0.27 

Sex (n, column %)    
Female 91 (92.9) 847 (87.4) 0.12 
Male 7 (7.1) 122 (12.6)  

Age (median, Q1-Q3) 63 (35–78) 50 (24–71) 0.004 
Female 63 (38–78) 47 (24–70) 0.001 
Male 46 (28–73) 63 (46–75) 0.34  

a Human clinical isolates identified as putative meat-to-human spillover, 
defined as having greater than 80% probability of being from a meat source. 

b Human clinical isolates identified as unlikely to be a putative meat-to- 
human spillover, defined as having less than 20% probability of being from a 
meat source. 

c Bold values denote statistical significance at the Chi-square p < 0.05 level. 

Fig. 4. Comparative abundance of E. coli sequence types (STs) among foodborne zoonotic E. coli (FZEC) isolates versus meat isolates. Panel A: all FZEC isolates; panel 
B: FZEC isolates from symptomatic cases; panel C: FZEC isolates from invasive cases. X-axes: ST abundance among FZEC isolates. Y-axes: ST abundance among meat 
isolates. Each ST is represented by an open circle, size-scaled for the proportion of FZEC isolates. 
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historic animal-to-human host-switch events are no longer actionable, 
because the strains involved have already become established within the 
human community. 

Our study had some limitations. First, during model training we, of 
necessity, relied on sample type as a proxy for host origin even though 
our central hypothesis was that some level of incongruence exists be
tween sample type and host origin. Despite this inescapable limitation, 
the model performed well according to the quality control metrics. 
Second, the study involved a single locale and time; therefore, the 
generalizability of the results is unknown. Third, since beef was not 
studied, we could not identify beef/cattle-associated MGEs, which may 
have caused us to underestimate FZEC cases. Finally, isolates from 
companion animal species, including cats and dogs, were not included in 
the study, which precluded us from evaluating their potential roles in 
the transmission of extraintestinal pathogenic E. coli strains. 

Our study also had notable strengths. First, the sample set was a 
large, geographically localized collection of E. coli isolates, recovered 
contemporaneously from humans and retail meat products. Second, it 
used a rigorous comparative genomic approach, involving thousands of 
genomes, to identify MGEs that were differentially associated with E. coli 
isolates from meat and humans. Finally, its novel Bayesian latent class 
model combined the host-predictive values of these MGEs with an in
dividual E. coli isolate’s phylogenetic placement to objectively impute 
the isolate’s source. 

This study can serve as a foundation for future investigations, which 
could pursue multiple important objectives. One would be to expand the 
breadth of the model and improve its resolving power, thereby allowing 
assignment of isolates to specific vertebrate hosts rather than simply 
differentiating human from non-human. This conceivably could be done 
by enlarging and broadening both the isolate collection and the panel of 
host-associated accessory elements. Another possible objective would be 
to develop a model for estimating the elapsed time since a host transition 
took place, conceivably by determining the rate at which elements are 
lost or gained outside of selective hosts and incorporating this into the 
new model. Finally, a publicly available toolkit could conceivably be 
developed for investigators to use our approach to generate host-origin 
predictions for individual E. coli isolates based on genome sequences. 

5. Conclusions 

“My mama always said there’s an awful lot you can tell about a person by 
their shoes. Where they’re going. Where they’ve been.” Zemeckis, R. Forrest 
Gump. Paramount Pictures. (1994). 

Our study demonstrates the potential for using source-associated 
MGEs to infer the host origins of E. coli isolates. E. coli strains may 
shed or acquire host-adaptive MGEs in conjunction with host transitions. 
We liken this to people donning or doffing uniforms. Just as healthcare 
workers might switch their street clothes for scrubs and clogs for hos
pital work, an E. coli lineage might shed its avian-adaptive plasmids and 
acquire human-adaptive phage as it transitions from chickens to 
humans. And just as an observer would recognize people wearing scrubs 
and clogs as healthcare workers – even outside of a hospital context – 
one may be able to infer that a human clinical E. coli isolate carrying 
avian-adaptive MGEs was acquired recently from a poultry origin. Our 
novel approach can be applied in other settings to identify the highest- 
risk FZEC strains, determine their sources, and inform new one-health 
strategies to decrease the heavy public health burden imposed by 
extraintestinal E. coli infections. 
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