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Abstract

Clostridioides difficile (C. difficile) is a gastrointestinal pathogen that causes healthcare-associated
infections with numerous mechanisms to acquire and confer antimicrobial resistance (AMR)

and rapidly adapt to novel environments. These environments extend beyond healthcare, and
encompass non-healthcare related settings, where antimicrobials engender distinct selection
pressures. Employing a dataset of 3,870 whole-genome sequences of C. difficile from healthcare
and non-healthcare environments, this study investigates the selection pressures associated with
each setting and its impact on the prevalence of AMR genes of C. difficile. To achieve this,

we used pangenome-wide association studies (pan-GWAS) and Generalized Linear Mixed Model
to identify significant associations between AMR genes and the specific setting from which

the isolates were collected. Our findings evidenced significant differences in the AMR gene
repertoire between healthcare and non-healthcare associated C. difficile with antibiotics such

as macrolides and fluoroquinolones being more linked with healthcare. Antibiotics commonly
used in agriculture such as aminoglycosides or tetracyclines also presented associations with
non-healthcare environments. Our work offers a comprehensive exploration of C. difficile AMR
determinants across healthcare and non-healthcare related settings shedding light on the selection
pressures present in each environment, enhancing our understanding of C. difficile resistome and
its influence on the bacterium’s opportunistic colonization nature.
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Introduction

Clostridioides difficile (C. difficile) is an anaerobic, spore-forming gastrointestinal pathogen
and one of the leading causes of healthcare-associated infections worldwide (He, Miyajima
etal. 2013). C. difficile infection (CDI) is associated with a wide range of clinical
manifestations such as diarrhea, toxic megacolon, and colon perforation in addition to
asymptomatic carriage (Dubberke, Haslam et al. 2011). Antibiotics disrupt the colon
microbiota, facilitating C. difficile growth and subsequent infection (Britton and Young
2014, Zhang, Dong et al. 2015). Recent antibiotic exposure is present in the vast majority of
hospitalized patients developing CDI (Schechner, Fallach et al. 2021). Additionally, patients
colonized and infected with C. difficile can contaminate their surrounding environment with
spores and potentially expose healthcare workers to the pathogen. Spores can persist for

a long time in the built environment and be transmitted to susceptible patients (Weber,
Anderson et al. 2013). C. difficile has also emerged as a source of non-healthcare related
infections. From an estimated total of 462,000 cases in 2017 in the United States, half of
them were non-healthcare related with no documentation of prior admission to a healthcare
facility in the preceding 12 weeks (Rupnik, Wilcox et al. 2009, Leffler and Lamont

2015, CDC 2019, Guh, Mu et al. 2020). In addition to colonizing humans, C. difficile

has also been isolated from numerous animal hosts, including horses, pigs, cattle, dogs,
cats, hamsters, guinea pigs, rats, and rabbits, as well as environmental reservoirs (Roy
Chowdhury, DeMaere et al. 2016, Stone, Sidak-Loftis et al. 2016, Knight, Squire et al. 2017,
Martin-Burriel, Andrés-Lasheras et al. 2017), suggesting additional suitable reservoirs of

C. difficile besides the healthcare setting. Genomic studies indicate that certain C. difficile
strains spread differently across healthcare and non-healthcare related settings, undergoing
further adaptation to specific niches and environments (Knetsch, Connor et al. 2014, Eyre,
Davies et al. 2018, Miles-Jay, Young et al. 2021).

C. difficile evolution has been characterized by the rapid acquisition of AMR. Resistance to
commonly encountered antimicrobials may increase the time window in which C. difficile
can colonize the gut (Baines and Wilcox 2015). For instance, the swift rise of the epidemic
strain 027/B1/NAPL in the early 2000s is attributed to its acquisition of fluoroquinolone
resistance (He, Miyajima et al. 2013). Overall, C. difficile showcases an impressive ability
to adapt swiftly and develop resistance across various antimicrobial classes, spanning
aminoglycosides, p-lactams, fluoroguinolones, lincosamides, macrolides, and tetracyclines
(Peng, Jin et al. 2017, Imwattana, Rodriguez et al. 2021, O’Grady, Knight et al. 2021).
The mechanisms underpinning C. difficile’s resistance are multifaceted, encompassing
chromosomal resistance genes, alterations in metabolic pathways, mobile genetic elements
(MGEs), point mutations, and biofilm formation (Spigaglia, Mastrantonio et al. 2018,
O’Grady, Knight et al. 2021).
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Comparative pangenome analysis is a novel approach to identifying genetic determinants
that might be differentially associated with clinical disease and selective pressures (Hyun,
Monk et al. 2022, Dey, Gaur et al. 2023). The pangenome represents the combination of
all the genes existing within a specific species or a group of microorganisms and comprises
both a central, or core genome, and an accessory genome (Medini, Donati et al. 2005, Croll
and McDonald 2012).The core genome includes genes present in all strains, whereas the
accessory genome encompasses genes that are particular to specific strains or even unique
(Laing, Buchanan et al. 2010). Previous literature has highlighted the importance of the
accessory genome due to its significant influence on phenotypic diversity and the evolution
of the genome, including genes related to drug resistance (Zakham, Sironen et al. 2021).
While many accessory loci are not essential under baseline conditions, they can underpin
adaptation to specific ecological niches and selective pressures, including antimicrobial
exposure (Vernikos, Medini et al. 2015, Lv, Bi et al. 2025). Operationally, accessory gene
content can be described along a frequency gradient (e.g., soft-core, shell, and cloud),
which helps distinguish near-universal from rare genes within a population (Matthews,
Watson-Haigh et al. 2024).

For that reason, a pangenome genome-wide association study (pan-GWAS) is a powerful
approach to studying selection pressures in medically important bacteria such as C. difficile,
since it can reveal the genetic and functional diversity of bacterial populations and identify
the genes and variants associated with phenotypic traits of interest (Fatoba, Fatoba et al.
2022, Golchha, Nighojkar et al. 2022, Hyun, Monk et al. 2022, Norsigian, Danhof et al.
2022, Zhou, Jiang et al. 2023). It can compare the genomes of thousands of isolates from
different species, regions, hosts, or conditions, and detect the genes that are enriched or
depleted in certain groups. It can also account for the phylogenetic relationships among the
isolates and control for confounding factors such as population structure, recombination,
and linkage disequilibrium (Liao, Guo et al. 2021, Harling-Lee, Gorzynski et al. 2022).
This approach allows us to uncover the evolutionary forces that shape bacterial pangenomes,
including horizontal gene transfer, gene loss, and selection. For those reasons, pan-GWAS
serves as a robust and versatile tool for exploring the genetic basis of bacterial adaptation
and resistance.

This study aims to assess the presence of potential selection pressures associated with
healthcare and non-healthcare related settings by identifying what AMR genes are
differentially enriched in those settings. To achieve this, we compiled an extensive dataset
of whole-genome sequencing isolates, along with their associated metadata. We performed a
pangenome genome-wide association study (pan-GWAS) to identify significant associations
between AMR genes and the specific setting from which the isolates were collected (i.e.,
healthcare or non-healthcare related).

Materials and Methods

Figure 1 presents the complete analytical pipeline and includes the extraction and curation
of the sequence data, pangenome analysis, and its post-process to identify associations
between genomic features and the origin of the sequences. We focused on five prevalent
sequence types (ST1, ST2, ST3, ST11, and ST15) because they provided sufficient sample
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sizes and, critically, each included isolates from both Healthcare and External settings with
interpretable isolation-source metadata, enabling within-ST comparisons. A total of 3,870
isolates of C. difficile were retrieved between 2000 and 2021 from the National Center

for Biotechnology Information (NCBI) Sequence Read Archive (SRA) (Katz, Shutov et al.
2022) repository (see Table S1 for the complete list) with fastg-dl v2.0.4 (Petit 11 and Read
2020).

The raw reads were processed using the Bactopia v3 pipeline (Petit 111 and Read 2020),
which involved sequence quality control and the removal of low-quality bases and reads (Q
< 20) (Andrews 2010, Bushnell 2020, Petit 111 2022). Metadata associated with each isolate
included collection date, country of origin, isolation source, and NCBI bioproject (Table S1)
from SRA/BioSample and EnteroBase and used it to classify sampling context. Collection
date granularity varied across records and, for many isolates, only the calendar year was
available. Isolates with missing or ambiguous isolation source metadata were excluded from
source-stratified analyses, and synonymous source labels were standardized for consistency
(e.g., stool/feces). For clarity, we use Healthcare for isolates collected within human

clinical care settings (acute-care hospitals, outpatient clinics, emergency departments,
rehabilitation units, and long-term care/nursing facilities), their built environments (e.g.,
patient rooms, equipment, sinks/drains), and clinical diagnostic laboratories processing
human specimens; wastewater or drains sampled from healthcare facilities were also treated
as healthcare. External (non-healthcare) refers to sampling outside healthcare facilities,
including community human carriage sampled outside clinics, veterinary and animal sources
(livestock, companion animals, wildlife), food and retail meat, farm/abattoir settings, and
environmental matrices such as soil, sediments, surface waters, and municipal wastewater
not explicitly linked to a healthcare facility, as well as fomites in public spaces. High-quality
reads were then assembled using Shovill (v1.1.0), a tool integrated into the Bactopia pipeline
that uses SPAdes v3.15.5 (Bankevich, Nurk et al. 2012, Seemann 2017). The quality

of assemblies was assessed with Mash 2.3.0 and QUAST v5.2.0 (Gurevich, Saveliev et

al. 2013, Ondov, Starrett et al. 2019). The Bactopia pipeline was then used to identify

Single Nucleotide Polymorphisms (SNPs) between the isolates and a selected reference
genome (AM180355.1), with Snippy v4.6.0 (https://github.com/tseemann/snippy), creating
an alignment based on the variant sites.

Using the genomes annotated with Prokka v1.14.0 (Seemann 2014), we performed a
pangenome analysis at the ST level, as determined by Ariba (v2.14.6) and BLAST+
(v2.16.0) (Camacho, Coulouris et al. 2009, Hunt, Mather et al. 2017) using Panaroo
(v1.2.2) on clean-mode setting (Tonkin-Hill, MacAlasdair et al. 2020). Gene clusters

were categorized by their frequency across genomes within each ST to distinguish highly
conserved loci from those that are variable across the population. We defined core genes as
gene clusters present in 299% of genomes within a given ST, soft-core as 95% to <99%,
shell as 15% to <95%, and cloud as <15%.In this study, we considered STs 1, 2, 3, 11, and
15, and we also summarized pangenome composition for all the sequences combined (Table
S1).

An initial maximum-likelihood phylogeny was inferred from the core-genome SNP
alignment using 1Q-TREE 2 (Minh, Schmidt et al. 2020). We then applied ClonalFrameML
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(v1.12) (Didelot and Wilson 2015) to infer and account for homologous recombination
and to reconstruct a recombination-corrected phylogeny; this tree was used in downstream
pan-GWAS. All the annotated sequences were also scanned for AMR determinants using
AMRFinderPlus (v4.0.3) (Feldgarden, Brover et al. 2019), and we retained only hits with
>99% identity and =99% coverage to minimize false-positive calls.

To determine whether AMR determinants differed between sampling contexts (i.e.,
healthcare and non-healthcare related) at antibiotic class level, we used two different
approaches: i) Generalized Linear Mixed Model (GLMM) to assess the association between
antimicrobial resistance (AMR) genes and the source environment (healthcare vs external).
For GLMMs, the presence or absence of each AMR determinants (binary response variable)
was modeled as a function of the environmental source (fixed effect), with the year of

data collection and country of origin included as random factors to account for temporal
and geographic heterogeneity. Because collection dates were frequently only available at
the calendar-year level and sampling was uneven through time, we did not model ordered
temporal dependence or seasonality. By conducting separate analyses for each ST, we
aimed to control for potential differences in sampling and evolutionary history between

the STs. The GLMM used a binomial distribution with a logit link function, and models
were fit using the Ime4 package in R (Bates, Méachler et al. 2014) and ii) a pangenome
genome-wide association study (pan-GWAS). We determine as healthcare-related samples
all isolates collected within a healthcare-associated facility such as hospitals, clinics, and
nursing homes. We included within the non-healthcare associated isolates any samples
coming from livestock production, agriculture, wildlife, pets, and any other origin outside
of a healthcare facility. This approach expands the scope of GWAS analyses by considering
genetic variations present in the pangenome, which allows to capture a broader range

of genetic diversity within species while accounting for population structure (Agarwal,
Choudhary et al. 2021, Gupta 2021). To do this, Scoary implements a pairwise comparison
algorithm (Maddison 2000) which requires a phylogenetic tree.

In our study, pan-GWAS analyses were conducted using the Scoary2 (v0.0.15) approach
(Roder, Pimentel et al. 2023), which is a robust method implemented from a previous
version “Scoary” (Brynildsrud, Bohlin et al. 2016). Scoary2 uses Fisher’s test to determine
if there are associations between two categorical variables by combining information from
gene presence or absence patterns (obtained through the Panaroo pangenome analysis) with
trait data (the setting from which each isolate originated) to identify genomic elements
associated with specific phenotypic variations. Due to the large number of genes under
examination, Scoary? corrected the p-values from Fisher’s test for multiple testing, yielding
g-values (Storey 2003). This analysis enables the detection of genes that may be responsible
for the observed differences in traits among the strains. By integrating genotypic and
phenotypic data, we aimed to uncover significant associations at the gene level taking into
account population structure (using a phylogenetic tree, which accounted for recombination,
that was obtained from ClonalFrameML) to avoid the above-mentioned bias. The strength
of this association was quantified through odds ratio values. To ensure that our analyses are
robust and accurate, we performed the pangenome and pan-GWAS analyses at the sequence
type (ST) level. This decision was made because each sequence type has been sampled
differently mostly based on its pathogenicity and evolutionary history.
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Of the 3,870 C. difficileisolates analyzed, 85.8% of the sequences came from healthcare
settings, while 14.2% were associated with non-healthcare settings (such as agriculture,
livestock, pets, and other non-healthcare origins) (Figure 2A). The samples come from 34
countries, with the majority (75%) coming from the United States, Germany, and Australia
(Figure 2B-C). An examination of the temporal distribution revealed that healthcare-related
samples presented a sharp increase starting around 2005, peaking between 2015 and 2017,
followed by a decline after 2017, while the non-healthcare samples show a flatter trend over
time with occasional peaks around 2010 and 2015 but remain significantly lower in number
compared to healthcare samples (Figure 2D). The isolates were classified into five distinct
sequence types (STs), ST1 (31.0%), ST2 (30.6%), ST3 (12.4%), ST11 (21.3%), and ST15
(4.7%) (Figure 2E) (Table S1).

resistance gene variations

The C. difficile resistome comprised a total of 112 AMR determinants (acquired genes

plus defined point mutations/allelic variants) conferring resistance to 21 antibiotic classes.
Among the genes identified, the most representative classes were p-lactams, where the
blaCDD gene was the most frequently detected, with a prevalence of 95.1%. Additionally,
the mreE (V497L) allelic variant was present in 31.0% of the samples. Quinolone-associated
mutations were also common, including gy7A (T82l) and gyrB (1139R) in 40.2% and 30.6%
of the samples respectively. In addition, MLS (Macrolide-Lincosamide-Streptogramin)
resistance was observed in 22.8% of the samples due to the presence of the erm(B) gene
(Table S1).

At the sequence type (ST) level, the GLMM and pan-GWAS analyses revealed relevant
variations in AMR determinant patterns associated with the two different settings (Figures
3-7). For example, ST1 presented high versatility, displaying resistance against 12 AMR
classes. For B-lactam resistance, the mre£ (A778V) gene was significantly more prevalent
in isolates from non-healthcare settings, similar to what we found in the vanR-Cd (T115A)
determinant was the only one supported by both GLMM (p<0.01) and pan-GWAS analyses
(g*ep < 0.001, odds ratio: 3.7). In contrast, determinants more strongly associated with
healthcare settings included erm(B) (macrolide-lincosamide-streptogramin) and gyrA (T82I)
associated with quinolone resistance (Figure 3).

In the case of ST2, the most prevalent determinants found in both settings were blaCDD
(B-lactams) and gyrB (1139R) (Quinolones) which were found in over 95% of the isolates.
However, when comparing the determinant prevalence between the two different settings,
we found that all the determinant that showed significant differences were more prevalent

in non-healthcare settings. Some of those genes were represented by several point mutations
on the mrekE gene (B-lactam resistance), as well as the presence of the fef{M), and the

dfrF genes, which confers resistance to tetracyclines and trimethoprim respectively. In this
case, only two determinants (mre£(A694V), and tet(M) which confer resistance to f-lactams
and tetracyclines respectively, presented significant results for both GLMM and pan-GWAS
analyses (p<0.001; odds ratio 3.3 and 7.1 respectively) (Figure 4).
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For ST3, the B-lactam gene b/laCDD was the most prevalent across the samples, present

in all of them. Contrary to what was observed in ST2, most of the differences in gene
presence between settings showed a higher association with healthcare. This was represented
by the genes mreE (V497L) and erm(B), which confer resistance against B-lactams and
MLS respectively. In this ST, only the erm(B) gene which confers resistance against MLS
presented significant differences in both GLMM and pan-GWAS analyses (p<0.01; odds
ratio = 18.1) (Figure 5).

For ST11, we identified resistance to 19 different antimicrobial classes, with
aminoglycosides, quinolones, glycopeptides, and tetracyclines showing the highest number
of genes and point mutations. At the gene level, b/aCDD, gyrB (S366V), and gyrB
(S416A) were the most prevalent genes (>99%). When comparing the proportion of

AMR determinant prevalence between healthcare and non-healthcare settings, we found
significant differences, with most resistance genes showing higher prevalence in healthcare.
For example, the genes aad9and spw; which confer resistance against aminoglycosides,
the erm(B) gene (MLS resistance), the gyrA (T82l) (quinolone resistance), and the

tef(M) gene (tetracyclines resistance). In contrast, the aminoglycoside resistance gene aadk
was more prevalent in non-healthcare settings. In this ST, we found three determinants

that presented significant results for both the GLMM and pan-GWAS analyses: aad9
(aminoglycosides; p<0.001; odds ratio = 8.0), erm(B) (MLS; p<0.001; odds ratio 28.1),
and tet(M) (tetracyclines; p<0.001; odds ratio = 2.8) (Figure 6).

Moving on to ST15, we observed determinants conferring resistance against 10 different
resistance classes. The most prevalent gene found was b6/aCDD-2 (present in over 80% of
the isolates). Several genes evidenced significant differences associated with the origin of
the samples, for example, aadE gene (aminoglycoside resistance), erm(B) (MLS resistance),
and tet(M) (tetracycline resistance) showed higher prevalence in healthcare settings. On the
other hand, b/laCDD-2and mreE (A795V) (B-lactam resistance) (showed a higher presence
in non-healthcare isolates. In this case, only two determinants (aadk, p<0.01; odds ratio=3.2;
and b/laCDD-2, p<0.01; odds ratio 33.7), conferring resistance to aminoglycosides and
B-lactams respectively presented significant results for both the GLMM and pan-GWAS
analyses (Figure 7).

Discussion

This study advances our understanding of C. difficile AMR dynamics in healthcare and
non-healthcare environments and highlights the evolutionary adaptability of this bacterium
to different selective pressures. The utilization of pangenome-wide association studies
(pan-GWAS) expanded on prior research by allowing the comparison of resistance profiles
between isolates from healthcare and non-healthcare isolates. Previous studies were limited
to the study of clinical isolates (Imwattana, Rodriguez et al. 2021, Miles-Jay, Young et al.
2021), however, our study was able to identify rare resistance genes that may be associated
with environmental-specific adaptations. By detecting the differences in AMR gene profile
between healthcare and non-healthcare settings, this study adds context to the C. difficile
resistome, suggesting specific genetic adaptations shaping bacterial persistence and spread
within and beyond healthcare settings.
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Identifying specific associations between AMR determinants and the environment could
inform future investigations on transmission dynamics and control measures for C. difficile,
particularly in settings where antibiotic use can drastically vary. The AMR patterns found in
this study provide a foundation for intervention that considers specific AMR determinants.
For instance, the observed notable predominance of sequences originating from healthcare
settings and distinct selection pressures favored resistance to antibiotics commonly used

in clinical practice such as p-lactams, macrolides, and aminoglycosides. However, these
antibiotics are not typically used for treating CDI but are commonly administered in
healthcare settings for other bacterial infections (Surawicz, Brandt et al. 2013). The potential
fitness benefits of the acquisition of these particular AMR determinants likely lies in their
ability to enhance C. difficile colonization in the gut. Broad-spectrum antibiotics disrupt
the gut microbiome creating a favorable environment for the colonization of C. difficile
(Schaeffler and Breitrueck 2018). Resistance to these antibiotics may provide an additional
competitive advantage for C. difficile colonization (Baines and Wilcox 2015, O’Grady,
Knight et al. 2021). The primary antibiotics currently used to treat CDI are metronidazole
and vancomycin (Griffin and Arnold 2011, Katzman 2014), followed by fidaxomicin which
is a promising option to treat patients at high risk for CDI relapse (Shehabi, Badran et al.
2015). These antibiotics, however, did not exhibit significant associations with healthcare
environments, which suggests that the main antibiotic-related selective pressure for C.
difficile evolution comes as an indirect effect of antibiotic use for other bacterial species.

Resistance against other antimicrobial classes was associated with non-healthcare settings,
which can be associated with the different use of antimicrobials for activities such as
agriculture or veterinary medicine. For example, tetracyclines are extensively used in
livestock, agriculture, and aquaculture, surpassing their application in human healthcare
(Eliopoulos, Eliopoulos et al. 2003, Roberts 2005, Roberts and Schwarz 2016). Most of
these determinants have been described to spread within and between bacterial species via
horizontal gene transfer (Von Wintersdorff, Penders et al. 2016, Evans, Griffith et al. 2020,
Michaelis and Grohmann 2023). Therefore, the application of whole-genome approaches,
and particularly pan-GWAS, is critical to identify mobile genetic elements that facilitate
horizontal gene transfer and thus, better understand C. difficile AMR dynamics.

The consideration of non healthcare-associated data is critical for the holistic understanding
of C. difficile AMR dynamics and how this pathogen can adapt to varied selection pressures,
highlighting its ability to survive and spread in non-healthcare environments such as
agricultural settings, which are important sources of AMR determinants diversity (Jadeja
and Worrich 2022, Kaviani Rad, Balasundram et al. 2022, Miller, Ferreira et al. 2022). The
epidemiological insights of this study set a valuable precedent for future studies in other
pathogens and their relationship with the environment in the context of AMR.

While this study provides significant insights into C. difficile epidemiology, it is crucial
to acknowledge certain limitations. The inherent bias in sampling arising from the
predominance of healthcare-associated isolates highlights the need for broader sampling
strategies considering non-healthcare settings to ensure a more balanced representation of
the different sampling sources. In addition, collection dates were frequently incomplete
(often available only at the year level) and unevenly distributed through time; accordingly,
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year was modeled as a categorical random effect and we did not explicitly test for seasonal
patterns, despite evidence that CDI incidence can exhibit seasonality in multiple settings
(Furuya-Kanamori, McKenzie et al. 2015). Additionally, given the nature of the data,
there was no available information to differentiate toxigenic and non-toxigenic isolates
beforehand, as happened with the susceptibility of isolates independently of gene carriage.
Moreover, investigating the functional impact of genetic variations and expression patterns
in response to specific environments would enhance our understanding of the mechanisms
driving adaptation and survival. Finally, it is important to consider that although our
database is extensive, it may not be fully representative of the current C. difficile diversity
due to its rapid evolution and adaptation, especially in non-healthcare environments.

Our study provides a comprehensive assessment of the AMR landscape in C. difficile

in healthcare and non-healthcare environments, revealing specific AMR determinants-
environment associations that highlight the bacterial adaptive capacity. Using a pan-GWAS
approach, this study identified specific AMR patterns shaped by specific selective pressures
found in healthcare and non-healthcare settings. As additional genomic data becomes
available, this work will serve as a foundation for the integration of this information into
research aimed at studying the ecological drivers of AMR evolution, bringing global health
implications for combating AMR.
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Figurel.
Complete workflow for performing pangenome-GWAS analysis and visualization of C.

difficile isolates.
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Data description of the selected C. difficile sequences. The variation in green color
represents the proportion of isolates that come from healthcare settings, while the variation
in orange is based on the isolates that come from non-healthcare samples. A) Pie chart
representing the overall distribution of 3,870 C. diifficile isolates by setting. B) Global
distribution of healthcare-associated samples, with countries shaded according to the number
of samples collected. C) Global distribution of non-healthcare samples. D) Temporal
distribution of samples from healthcare and external environments. E) Distribution of
sequence types (STs) across healthcare and external environments (including number of

samples inside each bar).
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Figure 3.
Comparison of AMR determinant prevalence between C. difficile ST1 isolates from

healthcare (green bars) and non-healthcare (orange bars) settings, grouped by AMR

class. Each bar represents the proportion of isolates carrying the indicated determinant.
Statistically significant differences between the two settings are marked by black asterisks
when the results are based on generalized linear mixed models (GLMM) and by red asterisks
when the results are referring to pangenome-wide association studies (pan-GWAS). Odds
ratios for pan-GWAS associations are displayed in red numbers above the corresponding
determinants, representing the strength of association for determinants more prevalent in one
environment over the other. This figure displays the determinants with frequencies higher
than 1%.
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Figure 4.

Comparison of AMR determinant prevalence between C. difficile ST2 isolates from
healthcare (green bars) and non-healthcare (orange bars) settings, grouped by AMR

class. Each bar represents the proportion of isolates carrying the indicated determinant.
Statistically significant differences between the two settings are marked by black asterisks
when the results are based on generalized linear mixed models (GLMM) and by red asterisks
when the results are referring to pangenome-wide association studies (pan-GWAS). Odds
ratios for pan-GWAS associations are displayed in red numbers above the corresponding
determinants, representing the strength of association for determinants more prevalent in one
environment over the other. This figure displays the determinants with frequencies higher
than 1%.
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Figure5.
Comparison of AMR determinant prevalence between C. difficile ST3 isolates from

healthcare (green bars) and non-healthcare (orange bars) settings, grouped by AMR

class. Each bar represents the proportion of isolates carrying the indicated determinant.
Statistically significant differences between the two settings are marked by black asterisks
when the results are based on generalized linear mixed models (GLMM) and by red asterisks
when the results are referring to pangenome-wide association studies (pan-GWAS). Odds
ratios for pan-GWAS associations are displayed in red numbers above the corresponding
determinants, representing the strength of association for determinants more prevalent in one
environment over the other. This figure displays the determinants with frequencies higher
than 1%.
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Figure 6.

Comparison of AMR determinant prevalence between C. difficile ST11 isolates from
healthcare (green bars) and non-healthcare (orange bars) settings, grouped by AMR

class. Each bar represents the proportion of isolates carrying the indicated determinant.
Statistically significant differences between the two settings are marked by black asterisks
when the results are based on generalized linear mixed models (GLMM) and by red asterisks
when the results are referring to pangenome-wide association studies (pan-GWAS). Odds
ratios for pan-GWAS associations are displayed in red numbers above the corresponding
determinants, representing the strength of association for determinants more prevalent in one
environment over the other. This figure displays the determinants with frequencies higher
than 1%.
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Figure 7.
Comparison of AMR determinant prevalence between C. difficile ST15 isolates from

healthcare (green bars) and non-healthcare (orange bars) settings, grouped by AMR

class. Each bar represents the proportion of isolates carrying the indicated determinant.
Statistically significant differences between the two settings are marked by black asterisks
when the results are based on generalized linear mixed models (GLMM) and by red asterisks
when the results are referring to pangenome-wide association studies (pan-GWAS). Odds
ratios for pan-GWAS associations are displayed in red numbers above the corresponding
determinants, representing the strength of association for determinants more prevalent in one
environment over the other. This figure displays the determinants with frequencies higher
than 1%.
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