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Abstract

Background Antimicrobial resistance has been identified as a major threat to global health. The pig food chain
is considered an important source of antimicrobial resistance genes (ARGs). However, there is still a lack of knowledge
on the dispersion of ARGs in pig production system, including the external environment.

Results In the present study, we longitudinally followed one swine farm located in Italy from the weaning phase

to the slaughterhouse to comprehensively assess the diversity of ARGs, their diffusion, and the bacteria associated
with them. We obtained shotgun metagenomic sequences from 294 samples, including pig feces, farm environment,
soil around the farm, wastewater, and slaughterhouse environment. We identified a total of 530 species-level genome
bins (SGBs), which allowed us to assess the dispersion of microorganisms and their associated ARGs in the farm
system. We identified 309 SGBs being shared between the animals gut microbiome, the internal and external farm
environments. Specifically, these SGBs were characterized by a diverse and complex resistome, with ARGs active
against 18 different classes of antibiotic compounds, well matching antibiotic use in the pig food chain in Europe.

Conclusions Collectively, our results highlight the urgency to implement more effective countermeasures to limit
the dispersion of ARGs in the pig food systems and the relevance of metagenomics-based approaches to monitor
the spread of ARGs for the safety of the farm working environment and the surrounding ecosystems.
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planet microbiomes can occur through several mech-
anisms, such as: (i) direct transmission of antibiotic
resistant bacteria (ARB) between different ecosystems,
(ii) horizontal gene transfer of ARGs between differ-
ent microbiome components, as promoted by mobile
genetic elements [10, 26], and/or vertical transmission
process [27]. It is clear that, the overuse of antibiot-
ics in anthropic systems in past years has favored the
selection of ARB and ARGs, as well as their subsequent
spread across all planet biomes, with animal farming
being a hotspot of evolution and resistance spread [29].
For this reason, the use of antibiotics in animal farm-
ing was prohibited for growth promotion purposes in
Europe in 2006, and since then antibiotics can only be
used for veterinary purposes such as metaphylaxis,
prophylaxis, and medication to protect animal wellbe-
ing [30, 32].

Concerns about the spread and dissemination of ARB
and ARGs to environmental biomes are relevant in the
pig system, where antibiotic administration has histori-
cally been widespread, especially in the early stages of
pig’s life [4, 5]. Indeed, a large multi-country study of 9
European countries showed that most antibiotics, espe-
cially penicillins and polymixins, are routinely adminis-
tered to weaners (69.5% of total TIDDDvet, defined as
the time a pig is treated with antibiotics) and then fol-
lowed by suckling piglets (22.5% of total TIDDDvet [12,
45]). Piglets exhibit a pre-existing resistance pattern
from birth that reflects their environment, encompass-
ing resistance to tetracyclines, p-lactams, and aminogly-
cosides [7]. Despite that, a decrease in the abundance of
antimicrobial resistance carried by these animals with
age has been observed, irrespective of the geographic
area [17]. For these reasons, pigs can act as reservoirs
of ARB and ARGs throughout their lives, posing a sig-
nificant health risk to the surrounding environment and
the associated biome [32, 40]. To the best of our knowl-
edge, the environmental spread of antibiotic resistance
from pig farms is mainly due to the use of pig manure
as a soil fertilizer, and the discharge of farm wastewaters
into the environment, to fertilize soils prior to crop pro-
duction [16, 32, 46]. Some studies, such as those by Teng
et al. [51] and Gao et al. [19], showed up to 5 years of soil
contamination with ARB when fertilized with “contami-
nated” manure. Residues of antibiotics and ARB have also
been found in slaughterhouses, where animals arrive at
the end of the production cycle, just before being placed
on the market [46]. For all these reasons, it is becoming
increasingly urgent to monitor the spread of antimicro-
bial resistance in the pig food production cycle in order
to prevent environmental contamination and for the
selection of more effective antibiotic therapy to keep ani-
mal health in the food production system.
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In this scenario, and in the context of the project “Con-
trolling Microbiomes Circulations for Better Food Sys-
tems” (CIRCLES, https://circlesproject.eu/), funded by
the European Union’s Horizon 2020, we evaluated the
presence and distribution of microorganisms and ARGs
in two pig farming systems in Italy, in a longitudinal set-
ting during a commercial production process. To this
end, a food system metacommunity-based approach
was implemented. The reconstruction of metagenome-
assembled genomes (MAGs), from the food system
microbiomes (i.e. fecal, air, boots, soil, water, wastewater
and slaughterhouse environment) allowed the best reso-
lution for ARGs assessment in the pig food system, track-
ing the circulation of species-level genomes and their
associated ARGs from the pig gut to the internal and
external farm environments and to the slaughterhouse.
Our results indicate the dispersal of microorganisms and
their associated antibiotic resistance genes from the pig
food system to the external environment and even to the
final stage of meat production, suggesting the importance
of metagenomics-based community assessment for a sys-
tematic evaluation of the risks associated with the spread
of antimicrobial resistance in this food system.

Results

SGBs-level characterization of microbiomes in the pig food
system

A total of 294 samples were processed for DNA extrac-
tion and shotgun metagenomic sequencing. Specifically,
two production chains originating from the same farrow-
ing unit were sampled longitudinally at 5 timepoints, fol-
lowing the entire rearing cycle of two groups of pigs (see
Additional file 4: Table S1). The two production chains
consisted of a common farrowing unit, subsequently split
into two weaning units and two final growing-finishing
units. A total number of 199 fecal samples from pigs;
18 swabs from workers boots and 10 air samples from
the farm, representing the internal farm ecosystem; and
9 water sample from the watering place, 8 wastewater
sample from the lagoon and 36 soil samples from the
surrounding area, representing the external farm envi-
ronment. In addition, a total of 14 swab samples from
various surfaces in the slaughterhouse were collected
at the end of the rearing cycle and during the slaugh-
ter phase for each pig group. An overview of the study
design and sampling during the pig production cycles is
shown in Fig. 1 & Additional file 4: Table S2.

A total of 2.02 billion paired-end raw reads were gen-
erated, with an average of 6.9 million reads per sample.
From the 294 metagenomes, we were able to recon-
struct 2,704 high-quality MAGs, considering only
those with more than 50% completeness and less than
5% contamination, with a total median per sample of 9
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Fig. 1 Schematic representation of the study design and the number of samples collected at each timepoint in each farm. The microbiome of pig
and farm environmental samples (including pig gut, soil surrounding the farm, air inside the farm, animal drinking water, wastewater, workers boot
soles and slaughterhouse environment) were collected at 5 different timepoints during the rearing cycle in two different Italian farms labeled as H
& L. T1:farrowing unit, piglets from birth to 24 days; T2: start of the weaning phase; T3: end of the weaning phase; T4: start of the growing-finishing
phase; T5: end of the growing-finishing phase. The numbers within the icons indicate the number of samples collected

MAGs (median of MAGs based on sample type: 10 pig
gut, 8 workers’ boot, 2 air, 8 water, 11 wastewater, 1 soil
and 1 slaughterhouse ecosystems) and a binning effi-
ciency of 40.47%. The MAGs were then dereplicated
into 530 SGBs, considering 95% similarity as the mini-
mum threshold for clustering MAGs together (see Meth-
ods section for further details and Additional file 4:
Table S3). We then mapped these 530 SGBs against pre-
viously explored MAGs (>7000) from the available pig
gut microbiome [6, 20, 23] and the SGBs from > 150,000
human gut microbiome (GM) MAGs, including different
individuals, spanning age, geography, and lifestyle [38]. In
total, 367 SGBs (69%), clustered with at least one known
reference genome (the full list of known SGBs is reported
in Additional file 4: Table S4), while the remaining frac-
tion of SGBs (163 SGBs, 31%), showed >5% genetic dis-
tance to any SGBs of the databases and were considered
as unknown genomes never detected before.

After taxonomic profiling, 29 bacterial phyla were
identified within the dataset of metagenomic samples
(Fig. 2A), where we observed a similar profile in terms of
most abundant phyla for pig gut microbiome (mean rela-
tive abundance, Bacillota 64%—Bacteroidota 29%), boots
swabs (Bacillota 76%—Bacteroidota 18%), air (Bacil-
lota 65%—Bacteroidota 26%) and wastewater (Bacillota
33%—Bacteroidota 27%), but with a different relative
abundance. While, in the other ecosystems we observed a
different microbiota profile, with soil samples dominated
by Actinomycetota at 52% and Pseudomonadota at 28%,
and water and slaughterhouse environmental samples

dominated by Pseudomonadota at 71% and 99%, respec-
tively. At the species level (SGBs), the pig gut microbi-
ome was mostly dominated by Lactobacillus amylovorus,
Cryptobacteroides sp000431015 and Limosilactobacil-
lus reuteri (mean relative abundance, 14%, 4% and 3%,
respectively). The samples from the internal farm envi-
ronment (air, boot soles) showed almost the same most
abundant species, such as L. amylovorus and L. reuteri
(18% and 4%, respectively), with the addition of a known
pig-derived species Aerococcus urinaeequi (4%) [33]. The
microbiomes from the external environment (drink-
ing water, wastewater and soil) were mainly dominated
by f Nitrososphaeraceae;s_ TA-21 sp014523595, Novo-
sphingobium sp015657645 and Methanothrix soehn-
genii (6%, 3% and 2%, respectively). On the other hand,
the slaughterhouse environment was characterized by
Pseudomonas  cremoris, {_Rhodocyclaceae;s_SFHRO1
sp004555545 and Novosphingobium sp015657645 (57%,
33% and 6%, respectively).

The SGBs microbiome structures in the two produc-
tion chains, including those of the pig gut, the internal
and external environment, and the slaughterhouse, were
then compared by principal coordinates analysis (PCoA)
using the Bray—Curtis distance (Fig. 2B). According to
our results, the different ecosystems clustered separately,
regardless of the farm (permutation test with pseudo-
F ratio, p-value=0.001) except for the air and boot sole
samples, which showed an almost comparable micro-
bial layout (p>0.05). Focusing on alpha diversity, we
observed significantly lower values in the microbiome of
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Fig. 2 Composition of pig gut, farm environment, and slaughterhouse environment microbiomes. A Taxonomic classification of species-level
genome bins (SGBs), represented as relative abundance at the phylum level across samples (pig gut microbiomes, soil surrounding the farm, air
within the farm, animal drinking water, wastewater, workers boot soles and slaughterhouse environment). B Principal Coordinate Analysis based
on the Bray Curtis distances between the SGB profiles of the different samples. The percentage of variance in the dataset explained by each

axis is reported within the graph (permutation test with pseudo-F ratio, p-value=0.001). C Alpha diversity boxplots based on Shannon index,
Simpson index and observed features (number of SGBs). A statistically significant variation (Kruskal-Wallis test, p-value <0.001) of alpha diversity
among microbial ecosystems was found with all metrics. Sample groups marked with different letters are statistically significant different (Wilcoxon
rank-sum test, p <0.05). Sample groups are colored according to the color legend within the PCoA plot
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soil around the farms, water and slaughterhouse samples
compared to the other ecosystems (Wilcoxon rank-sum
test, p <0.05) (Fig. 2C).

SGBs potential dispersion across the farm system

We assessed the extent to which SGBs were dispersed
across the pig fam system, including the animal gut and
the internal/external farm environments and the slaugh-
terhouse. To do this, we first mapped the metagenomic
reads to our collection of 530 SGBs and then selected the
shared species between the different farm ecosystems
(Fig. 3). The SGB profile for each sample, expressed as
genome copies per million reads, is shown in Additional
file 4: Table S5. Three hundred nine out of the 428 SGBs
being detected in the pig gut microbiome were widely
distributed across the entire set of samples analyzed,
including samples collected inside and outside the farm

0 0.1 1 10 100 5500

Genome copies per milion reads
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system (Fig. 4A). Most of these 309 SGBs (179, 60%)
were assigned to the Bacillota phylum (Fig. 4B). At the
family level, 135 out of 309 SGBs (43%) were assigned to
host-associated families, as Lachnospiraceae (40 SGBs),
Oscillospiraceae (38 SGBs), Bacteroidaceae (36 SGBs)
and Ruminococcaceae (21 SGBs) (Fig. 4C). Specifically,
regarding the distribution of these pervasive 309 SGBs in
the farm system, almost all of them have been detected
in the internal farm environment, 308 and 307 SGBs
being detected in farm air and boot soles samples as well,
respectively. Interestingly, focusing on the external envi-
ronments, we observed a differential distribution of the
309 pervasive SGBs, according to the different external
ecosystems. In particular, 96 SGBs were detected in the
external soil samples, 209 in watering places and 291 in
the wastewaters. Finally, for each of the external ecosys-
tem, we specifically accounted for the pervasive SGBs

LT5
Soil

WasteWater
Water

Air
Env_H_Slaughter
Env_L_Slaughter
® Boot Swab

Fig. 3 Distribution of all species-level genome bins across pig gut, farm environment, and slaughterhouse environment. Heatmap based

on the abundance of species-level genome bins (SGBs) expressed as genome copies per million reads in each sample (grouped by color legend,
top right). Samples include pig gut microbiome, soil surrounding the farm, air inside the farm, animal drinking water, wastewater, workers boot
soles and slaughterhouse environment collected at different timepoints from the two farms (H & L). T1: farrowing unit, piglets from birth to 24 days;
T2: start of the weaning phase; T3: end of the weaning phase; T4: start of the growing-finishing phase; T5: end of the growing-finishing phase
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Fig. 4 Sharing of species-level genome bins across pig gut and farm ecosystems with their taxonomic assignment. A UpSet plots showing

the distribution of species-level genome bins (SGBs) across pig farm ecosystems (including pig gut, soil surrounding the farm, air inside the farm,
animal drinking water, wastewater, workers boot soles and slaughterhouse environment). Taxonomic assignment of the 309 shared SGBs
(highlighted in the UpSet plot by an asterisk) between pig gut, internal farm, and external farm ecosystems at the phylum (B) and family level (C)

being assigned to well know host associated taxa, as taxa
possibly deriving from the animal gut (Additional file 4:
Table S6). Accordingly, in the external soil samples we
have been able to detect 24 pervasive SGBs belonging to
host associated taxa, 85 in the watering places and 132
in the waste waters, being the external farm ecosystem
more contaminated by putative pig gut microbiome com-
ponents. Finally, 11 core SGBs were detected as microbial
species shared between almost all ecosystems, including
the pig gut microbiome, the internal (boot soles and air)
and external farm environment (soil, wastewater, and
water from watering places) and including the slaughter-
house environment, highlighting the potential spread of
these SGBs throughout the farm chain (only 1 was not
shared with soil samples). These 11 SGBs were assigned
to the genera Propionicimonas, Syntrophosphaera, Meth-
ylocystis, Sideroxydans, Pseudomonas (not identified
at species level), and the species Perlucidibaca aquat-
ica, Bacteroides pyogenes, Escherichia coli, R. SFHRO1

sp004555545, Novosphingobium sp015657645 and Acido-
vorax sp001411535.

To increase the accuracy of the SGBs potential disper-
sion patterns across the farm system, we applied Strain-
PhlAn3 [54]. As StrainPhlAn3 works on single nucleotide
polymorphisms, it was only possible to use the tool with
the SGBs that were most represented in our samples. We
therefore checked the strain sharing for those SGBs that
had simultaneously at least 1 marker and verified that the
same marker was present in at least 5 samples. According
to our findings, a total of 281 unique SGBs were shared
between pigs and the different environments consid-
ered in this study, some of which were shared between
pigs and multiple environments (air, soil, wastewater).
Specifically, 14 SGBs were recognized as the same strain
shared between the pig gut microbiome and the inter-
nal or external farm environment (Additional file 1:
Fig. S1). Of these 14 unique SGBs, 10 were found to be
shared between pig and air microbiomes: Clostridium
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sp000435835, Prevotella sp002251435, Mitsuokella jala-
ludinii, Bariatricus sp004560705, LIBA2868 sp004552595
(family Lachnospiraceae), Phill sp004558525 and PeH17
sp004556165 (order Christensenellales), CAG-177
sp003514385 (family Acutalibacteraceae), L. reuteri and
UBA4334 sp900316975 (family Bacteroidaceae). Seven
were shared between pig and wastewater microbiomes:
UBA1712 sp018056665 and UBA2868 sp004552595
(family Lachnospiraceae), C. sp000435835, Methano-
brevibacter smithii, CAG-177 sp003514385 (family
Acutalibacteraceae), Turicibacter sp001543345, Soda-
liphilus sp004557565. Three were common to air, waste-
water, and pig microbiomes: C. sp000435835, CAG-177
sp003514385 (family Acutalibacteraceae) and UBA2868
sp004552595 (family Lachnospiraceae). The normalized
phylogenetic distance (nGD) values between the shared
bacterial strains are reported in Additional file 4: Table S7
and S8.

Dispersion of antimicrobial resistance determinants
across the farm system
To assess the occurrence of antimicrobial resistance
across the farm system, we first determined the presence
of ARGs in the 309 previously detected pervasive SGBs,
shared between the pig gut microbiome and the internal
and external farm environments, 11 of which ben also
deleted in slaughterhouse. For this purpose, we built a
customized ARG catalog, based on the ORFs annotated
as ARGs and retrieved from the assembled sequences
using the PathoFact pipeline [9]. From a total of 5 million
dereplicated ORFs (at 90% sequence similarity), 50,302
were assigned to ARGs and then refined to 682 ORFs,
retaining only ORFs with a “strict” or “perfect” match
(Additional file 3). Within the customized ARG catalog
we identified 5% and 4% of the ORFs co-located respec-
tively with phage and plasmid sequences, highlighting
the potential of mobilityof these genes within our dataset.
We found that the 309 SGBs shared among the pig gut,
internal farm (air or boot soles) and external farm (water,
wastewater or soil) ecosystems contained 176 ARGs,
which contributed to resistance against 18 different
classes of antibiotic compounds (Fig. 5, Additional file 4:
Table S9). In particular, resistance to nitroimidazole, mul-
tidrug (ARGs active against multiple antibiotic classes),
glycopeptide antibiotics, tetracycline, phosphonic acid
antibiotic (Fosfomycin), phenicol, antimicrobial peptide
(general class and bacitracin), elfamycin, beta-lactam,
amynoglicoside:aminocoumarin, diaminopyrimidine
classes were the most represented (prevalence within
the shared SGBs>60%). On the other hand, resistance
to other antibiotic compounds, such as macrolide-lin-
cosamide-streptogramin (MLS), sulfonamide, aminocou-
marin, fluoroquinolone, and nucleoside antibiotic classes,
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were the least common (prevalence within the shared
SGBs < 50%; Fig. 5). In addition, 12 of the 176 ARGs were
observed in at least 232 SGBs (75% of the shared SGBs),
potentially representing the core resistome. This core was
active against several antibiotic classes such as bacitracin
(bacA), elfamycin (Ecol EFTu_PLV), fosfomycin (Ctra_
murA_FOF), glycopeptide antibiotics (vanRG, vanRB),
multidrug (efrA, Ecol_gyrA_FLO), nitroimidazole (msbA),
antimicrobial peptide (PmrF), phenicol (Chlorampheni-
col_Florfenicol_resistance), and tetracycline (tetB(P))
(Fig. 6). None of these core ARGs were predicted to be
on plasmid or phage sequences. When focusing on the 11
SGBs also shared with the slaughterhouse environment,
we found 107 ARGs conferring resistance to 17 different
classes of antibiotic compounds (tetracycline, sulfona-
mide, phenicol, antimicrobial peptide, nitroimidazole,
multidrug, MLS, glycopeptide, fosfomycin, fluoroqui-
nolone, elfamycin, diaminopyrimidine, beta-lactam, baci-
tracin, aminoglycoside:aminocoumarin, aminoglycoside,
and aminocoumarin). Interestingly, these antimicrobial
resistances were highly represented in all 11 SGBs, with a
prevalence >50% (Fig. 7A), and 18 of the 107 ARGs were
even more widely distributed (prevalence>75%). These
18 genes were vanRG, vanl (conferring resistance to gly-
copeptides), ugd (resistance to antimicrobial peptides),
TolC, poxtA, evgA, Ecol gyrA FLO and adeF (multid-
rug resistance), tetB(P) (resistance to tetracycline), sul3
(resistance to sulfonamide), msbA, (resistance to nitroim-
idazole), mdtC and mdtA (resistance to aminocoumarin),
Hinf PBP3_BLA (resistance to beta-lactams), Ecol_
EFTu PLV (resistance to elfamycin), Ctra_murA_FOF
(resistance to fosfomycin), Chloramphenicol_Florfenicol_
resistance (resistance to phenicol) and bacA (resistance
to bacitracin) (Fig. 7B). In particular, the vanRG ARG, a
transcriptional activator of the OmpR-family, presented
a variant annotated on a reference ORF co-located on a
plasmid sequence. After the evaluation of the contigs car-
rying this ARG within the 11 SGBs, we highlighted that
in 2 SGBs, the ARG was also co-located with a plasmid
sequence, suggesting its possible horizontal mobility.
Finally, when we verified the presence of these 18 ARGs
in our samples, we found that they were present in 100%
of the samples, proving their ubiquitous distribution, but
they were generally present with a significantly lower
abundance (in terms of RPKMs) in the soil and slaugh-
terhouse environment compared to all other ecosys-
tems (Wilcoxon rank-sum test, p <0.05; Additional file 2:
Fig. S2).

Discussion

In this study, we longitudinally followed two pig produc-
tion chains located in Italy from the suckling phase to the
slaughterhouse to evaluate bacterial and ARG dispersion
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across the farm system, up to external environment. We
found that several ARB (i.e., SGBs) and ARGs circulation
in the farm system, with a relevant fraction, possibly of
animal origin, dispersing to the external environment.
Specifically, we generated 530 SGBs from 294 micro-
biome samples, spanning 7 different ecosystems (i.e., pig
gut microbiome, soil surrounding the farm, air within
the farm, animal drinking water, wastewater, workers
boot soles and slaughterhouse environment), with 367
SGBs assigned to previously characterized genomes and
163 (30%) representing new candidate species. When
considering the SGBs dispersion pattern across the pig
food system, 309 pervasive SGBs have been detected
to be shared with both internal and external farm envi-
ronment. Interestingly, these SGBs distributed differ-
ently across the external farm environments, with 24
SGBs being detected in the external soil samples, 85 in
the watering places and 132 in the waste waters. Inter-
estingly, among the 309 pervasive SGBs, 135 SGBs were
belonging to host-associated taxa (e.g., Oscillospiraceae,
Lachnospiraceae, Bacteroidaceae and Ruminococcaceae)
[3], suggesting the possible animal origin. According to

our finding, the great majority of these putative pervasive
pig microbiome components were reaching waste waters
(132 SGBs), while only 32 SGBs have been detected in
the external soil. Taken together, these data suggest the
contamination of waste waters as the possible main route
of dispersion of host associated species from the farm
system. Among the most prevalent pervasive SGBs of
putative animal origin being detected in the wastewaters
SGBs assigned to Prevotella, Gemmiger and Blautia gen-
era have been detected. Finally, 11 pig gut components
were defined as core SGBs, being detected in all ecosys-
tems analyzed, including different surfaces of the slaugh-
terhouse. Such SGBs included bacteria belonging to the
genera Propionicimonas, Syntrophosphaera, Methylocys-
tis, Sideroxydans, and Pseudomonas that were not iden-
tified at the species level, and the species P. aquatica, B.
pyogenes, E. coli, R. SFHROI sp004555545, Novosphingo-
bium sp015657645 and A. sp001411535. The genera Syn-
trophosphaera and Pseudomonas contain some bacterial
species with anaerobic propensity, but in particular, one
of the identified species, B. pyogenes, is a well-known
anaerobic component of the pig gut microbiome.
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Our data on the dispersion routes of SGBs across the
pig farm system suggest a possible route of dispersion
of pig gut components to surrounding environmental
microbiomes, particularly trough the contamination of
waste waters and raises important concerns about the
spread of antimicrobial resistance, which can be rapidly
transferred from pig gut components to the agricultural
field, exposing farmers and rural residents to resistance
determinants, with important implications for human
health.

Indeed, according to our findings, the 309 SGBs shared
between the pig gut microbiome and the external envi-
ronment showed a diverse and complex resistome, with
a structure well matched to the most commonly used
antibiotics in the pig food chain in Europe (i.e. penicil-
lins, third- and fourth generation cephalosporins, qui-
nolones, aminoglycosides, polymyxins, and macrolides)
[39, 41]. This confirms the relevant impact of antibiotic
use in food-producing animal systems in shaping the
gut resistome structure of farmed animals. Interestingly,
among the resistance genes detected in these 309 SGBs,
the vast majority conferred resistance to antimicrobial

classes listed as “critically important or highly impor-
tant” by the World Health Organization [47]. Specifi-
cally, 14 of the 18 ARGs belonging to the core resistome
of the 309 SBGs and/or widely distributed (>75%) in
the 11 core SGBs, conferred resistance to antimicrobial
classes defined as “critically important for human health’,
such as vanl, vanRG and vanRB (conferring resistance
to glycopeptide antibiotics), PmrF and ugd (resistance to
antimicrobial peptides), Ctra_murA_FOF (resistance to
fosfomycin compounds), Hinf PBP3_BLA (resistance to
beta-lactam compounds), and TolC, msbA, poxtA, Ecol_
gyrA_FLO, efrA, evgA and adeF conferring resistance to
multiple antibiotic classes. Indeed, resistance to these
antibiotics has been found in pathogens of high clinical
relevance, such as carbapenem-resistant Acinetobacter,
Enterobacteriaceae and Pseudomonas aeruginosa, and
vancomycin-resistant Enterococcus faecium [14, 15, 28].
In addition, one of these 14 ARGs was identified near to a
plasmid sequence within two of the 11 widely occurrence
SGBs. This ARG potentially mobile enclosed a transcrip-
tional activator of the OmpR-family (vanRG), a response
regulator that is part of a two-component regulatory
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system that determines vancomycin degradation [50, 64].
This suggests that this ARG can be mobilized between
different bacteria by horizontal gene transfer, creating
the conditions for the risk of transmission to clinically
relevant bacteria in the worker’s microbiome that are
hazardous to human health. When we focused on the 11
core SGBs that can spread from the pig farm to the exter-
nal environment and slaughterhouse, one of them was
assigned to a multidrug-resistant E. coli, a pathogen that
can colonize the pig and human gut [22] depending on
the strain. This E. coli-assigned SGB was found to carry
all ARGs present in the core resistome of the 11 shared
SGBs, with some of these ARGs conferring resistance to
antimicrobial classes defined as “critically important for
human health’, such as glycopeptide antibiotics, antimi-
crobial peptides, fosfomycin compounds, and beta-lac-
tam compounds. It is noteworthy that E. coli belongs to
bacteria carrying ARGs defined by De Angelis et al. [8]
with the acronym ESKAPEEc, which are responsible for
a significant percentage of severe infections in hospitals
(up to 75-80% of all bacterial isolates causing blood-
stream infections) [11, 42]. Such ESKAPEEc list also
includes E. faecium, Staphylococcus aureus, Klebsiella
pneumoniae, Acinetobacter baumannii, P. aeruginosa,
and Enterobacter [44]. Therefore, the presence of E. coli
within the SGBs distributed in all ecosystems analyzed
is a red flag for pig farm management and highlights the

importance of monitoring the spread of resistance from
the farm, especially that encoded by bacteria that are also
pathogenic to humans.

Conclusions

Overall, our study adds new details to the existing liter-
ature on the risk of ARGs and multidrug resistant bac-
teria dispersion in the farm system [16, 19, 40, 51]. The
added value is the use of metagenomics and analysis of
pig gut microbiome, together with the characterization
of the microbiome from the soles of workers’ boots, air,
wastewater, water and soil around farms. Monitoring
the behavior of ARGs and multidrug resistant bacteria
in the farm environments, including antibiotic resistant
pathogens that pose a threat to human health, is even
more important in pig farms, as pig manure and waste-
water are commonly used as soil fertilizer, a procedure
that could further increase the dispersion of these ele-
ments to the external environment. Subsequent research
will prioritize the investigation of mobile elements to
monitor the possible transfer of resistance determinants
from commensal to pathogenic bacteria. Furthermore, an
analysis of the worker’s microbiome in relation to their
farm exposure duration could be conducted in associa-
tion with a longitudinal study could be designed to assess
the impact of diverse production cycles over several years
and to monitor the management practices concerning
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manure and discharges. These additional considerations
could improve the assessment of the potential dispersion
of bacterial taxa and their associated ARGs within the pig
farm and beyond into the surrounding environment.

Materials and methods

Animals, sample collection and processing

The trial was conducted in 1 commercial farm in the
North Italy, with pigs raised in-door. Specifically, 96 pig-
lets (17 days of age) from 24 litters were chosen from the
same farrowing unit. At weaning (28 days of age), the
piglets were equally allocated into two different wean-
ing units (48 each) based on their body weight (BW) and
litter of origin. These units were labeled as H and L. At
the end of the weaning phase, piglets from weaning unit
L were subsequently moved to the growing-finishing unit
L, while piglets from weaning unit H were moved to the
growing-finishing unit H.

Animal feces and surrounding environment were sam-
pled during the rearing cycle, while at the slaughterhouse
only the environment was sampled, for a total of 294
samples. Sampling was performed at five different time-
points between October 2019 and June 2020, as shown in
Additional file 4: Table 1.

Specifically, a total of 199 feces were collected into two
sterile 50-mL tubes by stimulating the rectum ampulla
with sterile cotton swabs. The samples were then trans-
ported to the laboratory on dry ice. Soil was collected
from 4 different areas surrounding the pig farm, at a
depth of 10 ¢cm using a 50-mL sterile tube [34], thus
being able to collect the portion of soil where there was
a higher probability of the presence of bacteria from the
farm because the microbiome of soil surface it’s too much
affected by atmospheric agents. Two liters of drinking
water were collected in sterile bottles at the beginning of
the water pipe at each timepoint. The water was trans-
ported to the laboratory and filtered onto cellulose mixed
ester 0.22 pm pore-size filters (MF-Millipore, Darmstadt,
Germany) through a vacuum filtration system. Bioaerosol
was collected by sampling the air within the farm using
a pump connected to a filter, set at a flow rate of 2-8 L/
min over approximately 6 h. The filter was then removed
and placed in a sterile tube. From the manure lagoon,
4 samples of wastewater were collected using a sterile
50-mL tube. Overshoe samples were collected using a
sterile swab rubbed onto the operators’ boots after walk-
ing inside the pig farm. Finally, 40 samples from slaugh-
terhouse environment were collected through sterilize
swabs. In particular, 20 samples for each pig production
chain were sampled from conveyor belt surfaces, floor
and slaughterhouse walls. All samples were immediately
transported to the laboratory and stored at -80 °C if not
processed immediately. All sampled categories with the
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corresponding quantity are reported in Additional file 4:
Table S2.

DNA extraction and shotgun metagenomic sequencing

DNA was extracted using different commercial kits
depending on the matrix source, namely the DNeasy
PowerWater kit (Qiagen, Hilden, Germany) for water,
the FastDNA SPIN Kit for Soil (MP Biomedicals, Santa
Ana, Ca, USA) following the manufacturer’s instruction
for feces, and the DNeasy PowerSoil kit (Qiagen) for all
other samples.

A total of 294 samples (199 pig fecal samples, 36 soil
samples, 10 air samples, 9 water samples, 8 wastewater
samples, 18 boot swab samples, 14 slaughterhouse envi-
ronmental samples resulting from the pooling of the
40 collected swabs based on the environmental origin)
were collected and processed for shotgun metagenomic
sequencing. DNA was quantified using the QUBIT fluor-
imeter (Invitrogen, Waltham, MA, USA) and DNA librar-
ies were prepared using the QIAseq FX DNA library kit
(Qiagen). Briefly, DNA samples were fragmented to a
450/500-bp size, end-repaired, and A-tailed using the
FX enzyme mix and the thermal cycle instructions pro-
vided by the manufacturer. DNA samples were then
incubated with DNA ligase and Illumina adapter bar-
codes for 15 min at 20 °C to perform adapter ligation. A
purification step using Agencourt AMPure XP magnetic
beads (Beckman Coulter, Brea, California, USA) was fol-
lowed by a 10-cycle PCR for samples containing less than
100 ng of DNA. DNA libraries were additionally purified
and then pooled at an equimolar concentration of 4 nM.
Final libraries were sequenced on an in-house Illumina
NextSeq platform, located at the University of Bologna
sequencing facility, using a 2x 150 bp paired-end proto-
col to obtain >3 Gb per sample.

Species-level genome bins (SGBs) definition and ARG
identification

Reads were filtered following the standard operative pro-
cedures of the Human Microbiome Project [53], adapting
the procedures to pig samples when necessary.

As a first operation step, host DNA was removed from
the raw reads of the pig samples using the bmtagger soft-
ware, with the Sus scrofa genome as a reference (RefSeq
assembly accession: GCF_000003025.6). Reads were then
quality trimmed, ensuring a minimum quality score of 20,
and length truncated using trimBWAstyle [52]. Dupli-
cates were identified and eliminated using the Picard tool
EstimatedLibraryComplexity (v. 1.71). Next, high-qual-
ity reads were assembled using megahit (v. 1.2.9) with
default settings. The resulting assembly files from the pig
samples were utilized to create a curated gene catalog
using the PathoFact pipeline (v 1.0) [9], the first version
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of the catalog was additionally revised using the RGI tool
(v. 6.0.2) [1] to retrieve only open reading frames (ORFs)
with “perfect” and “strict” matches, based on the CARD’s
curated bit-score cut-offs automatically computed by the
tool. Additionally, the metawrap binning module (metaw-
rap v. 1.3.2) was employed to construct MAGs from each
sample. Only MAGs with completeness over 50% and
contamination lower than 5% were retained, assessed
through the checkm lineage wf workflow [37]. Further
refinement was carried out by dereplicating the high-
quality MAGs into species-level genome bins (SGBs)
using the dRep dereplicate command (v. 3.2.2) with the
following parameter “~ignoreGenomeQuality -pa 0.9 -sa
0.95 -nc 0.30 -cm larger -centW 0” Taxonomic classifica-
tion of SGBs was performed using the gtdbtk classify_wf
workflow with default parameters (Chaumeil et al., 2020).
The abundance of SGBs in each sample was quantified
using the metawrap quant_bins module (metawrap v.
1.3.2) and to annotate the genomes, prokka (v. 1.14.6)
was employed using the previously curated ARG catalog
described above, as the priority database for annotation.
For unannotated ORFs, prokka (v. 1.14.6) uses addi-
tional databases such as UniProtKB and hidden Markov
model profiles, including combined_Toxin, dbCAN-
fam-HMMs, HAMARP, and Virulence_factor. Finally, all
GFF files generated by prokka were concatenated and
the presence or absence of annotated ORFs in each SGB
was determined using Roary with the parameters -i 90
-cd 25 -e -g 1,000,000. The PathoFact annotation of each
gene cluster calculated by Roary was extracted from the
concatenated GFF file using the locus_tag reference in
the presence/absence table. This presence/absence table
of the ARGs within the SGBs was also used to assess the
abundance of ARGs within the samples, by multiplying
it with the matrix of the SGBs abundance across sam-
ples. Also, the co-localization of vanRG gene with plas-
mid sequences was assessed using PlasFlow tool (v. 1.1)
[24] with default parameters, retrieving the full contigs
sequences of the 11 core SGBs where the ARG was found.
Additionally, the SGBs obtained were compared, using
MinHash sketches implemented in the mash tool (v. 2.3),
with 4930 SGBs from >150,000 human gut microbiome
MAGs, including different individuals, spannning age,
geography, and lifestyle [38] and a total of 7489 genomes
from two of the most recent studies based on MAGs
regarding the pig gut microbiome [6, 20, 23], to under-
stand if they were already known identified genomes.

Detection of strain-sharing events

To gain a deeper understanding of the potential shar-
ing of microbiome components between pig and envi-
ronmental metagenomes, we performed a strain-level
population structure analysis using StrainPhlAn3 [2] as
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previously described in the work by Valles-Colomer et al.
[56]. Specifically, we performed the analysis on the most
abundant SGBs, i.e. those that are represented by at least
5 MAGs and whose abundance was>5 GCMs in at least
one pig individual. Then, we constructed a custom SGB
marker database for each species under investigation.
This was done by selecting core genes specific to each
SGB from the output of the Roary tool. Core genes were
defined as genes present exclusively in the examined SGB
and absent in the rest of the dataset. Then MAGs within
each SGB were fragmented into 150-nucleotide frag-
ments and aligned against their corresponding core genes
using bowtie2 (v. 2.3.4.3) with the "—sensitive" option. A
core gene was considered a valuable marker gene for an
SGB if it was mapped by at least 90% of the MAGs, cov-
ering more than 50% of the gene’s length.

To investigate strain sharing, strain-level phylogenies
were reconstructed using bowtie2 (—sensitive option)
and StrainPhlAn3, with the parameters "-marker_in_n_
samples 1 —phylophlan_mode accurate". Additionally, a
parameter called "—sample_with_n_markers" was set to
retain only samples with at least 10 marker genes.

To identify instances of strain sharing, we first set
SGB-specific normalized phylogenetic distance (nGD)
thresholds. These thresholds effectively separated the dis-
tributions of nGD values for strains retained within the
same pig group (indicating the same strain) from those
of different pig group (indicating different strains) in our
pig samples. The nGD values were calculated as leaf-to-
leaf branch lengths normalized by the total tree branch
length in the phylogenetic trees generated by Strain-
PhlAn3, which were constructed based on marker gene
alignments. The nGD thresholds were defined by maxi-
mizing Youden’s index and limiting at 5% the fraction of
unrelated individuals to share the same strain as a bound
on a false discovery rate.

Biostatistics

All statistical analyses were performed using the R
software (v. 4.2.0, www.r-project.org) with the pack-
ages vegan (v. 2.6-2) [36], RcppAlgo (v. 2.6.0) [63], xIsx
(v. 0.6.5) [13], ggVennDiagram (v. 1.2.2) [18], ggplot2
(v. 3.4.0) [61], ComplexUpset (v. 1.3.3) [31], RColor-
Brewer (v. 1.1-3) [35], gplots (v. 3.1.3) [58], viridis (v.
0.6.2) [48], reshape2 (v. 1.4.4) [60], tidyverse (v. 1.3.2)
[62], and hrbrthemes (v. 0.80) [43]. The vegdist func-
tion (method ="bray”) was used to calculate beta diver-
sity while the diversity function was used to calculate
alpha diversity. Both functions are included in the
vegan package. Separation of data in principal coordi-
nate analysis (PCoA) was assessed using a permutation
test with pseudo-F ratios (adonis function in the vegan
package). The Wilcoxon rank-sum and Kruskal-Wallis
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tests were used to assess differences in alpha diver-
sity and ARGs abundance (in terms of RPKMs) dis-
tributions between groups. P-values were adjusted
using p.adjust by method="fdr" of the function in R.
Adjusted p-values<0.05 were considered statistically
significant.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/542523-024-00305-8.

Additional file 1: Fig. S1. Schematically representation of bacterial
strains cooccurrence across pig feces and other environments. Colored
dots represent SGBs identified as the same strain between samples. As
highlighted, three strains are in common with more than one environ-
ment and pig feces. The others are exclusively shared between pig gut
microbiome and only one environmental sample.

Additional file 2: Fig. S2. Abundance of the 18 shared ARGs within all
ecosystems. Description of data: Boxplots based on the abundance of
the 18 shared ARGS, expressed as genome copies million reads, all ARGs
showed a significant variation in terms of abundance among all microbial
ecosystems (Kruskal-Wallis test, p-value < 0.001). Sample groups marked
with different letters are statistically significant different (Wilcoxon rank-
sum test, p < 0.05).

Additional file 3. Antibiotic resistance genes catalog. Antibiotic resistance
genes open reading frames within our metagenome samples.

Additional file 4. Supplementary Tables S1-S9.

Acknowledgements
Not applicable.

Author contributions

MC, PT: Conceptualization. DS, SR, DL: Data curation, Formal analysis. MC:
Funding acquisition. MC, PT: Project administration, Resources, Supervision.
DS: Visualization. DS, MC, SR: Roles/Writing—original draft. GB, GP, ST, FC, CCL,
PW, PL, DL, CS, PM, FMA, PT: Writing—review & editing.

Funding

This work was carried out in the context of the “Controlling Microbiomes
Circulations for Better Food Systems” (CIRCLES) project, which was funded by
the European Union's Horizon 2020 research and innovation program under
grant agreement no. 818290.

Availability of data and materials

High-quality reads from all samples are deposited in the European Nucleotide
Archive under the project accession number PRIEB68161. SGBs are available
here: https://site.unibo.it/microbiome-science-biotechnology-unit/en/micro
biome-materials-and-databases.

Declarations

Ethics approval and consent to participate

The procedures complied with Italian law pertaining to experimental animals
and were approved by the Ethic-Scientific Committee for Experiments on Ani-
mals of the University of Bologna (Italy) and by the Italian Ministry of Health
(Prot. N. 574/2019-PR, released on the 29th of July 2019).

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Page 13 of 15

Received: 3 November 2023 Accepted: 25 March 2024
Published online: 30 March 2024

References

1. Alcock BP, Huynh W, Chalil R, Smith KW, Raphenya AR, Wlodarski MA,
et al. CARD 2023: expanded curation, support for machine learning, and
resistome prediction at the comprehensive antibiotic resistance data-
base. Nucleic Acids Res. 2023;51(D1):D0690-9.

2. Beghini F, Mclver LJ, Blanco-Miguez A, Dubois L, Asnicar F, Maharjan S,
Mailyan A, Manghi P, Scholz M, Thomas AM, Valles-Colomer M, Weingart
G, ZhangY, Zolfo M, Huttenhower C, Franzosa EA, Segata N. Integrating
taxonomic, functional, and strain-level profiling of diverse microbial com-
munities with bioBakery 3. Elife. 2021;10:65088. https://doi.org/10.7554/
el ife.65088.

3. Bergamaschi M, Tiezzi F, Howard J, Huang YJ, Gray KA, Schillebeeckx
C, McNulty NP, Maltecca C. Gut microbiome composition differ-
ences among breeds impact feed efficiency in swine. Microbiome.
2020;8(1):110. https://doi.org/10.1186/540168-020-00888-9.

4. Brooks JB, McLaughlin MR. Antibiotic resistant bacterial profiles of anaero-
bic swine lagoon effluent. J Environ Qual. 2009;38(6):2431-7. https://doi.
0rg/10.2134/jeq2008.0471.

5. Checcucci A, Trevisi P, Luise D, Modesto M, Blasioli S, Braschi |, Mattarelli
P Exploring the animal waste resistome: the spread of antimicrobial
resistance genes through the use of livestock manure. Front Microbiol.
2020;11:1416. https://doi.org/10.3389/fmicb.2020.01416.

6. ChenC, ZhouY, Fu H, Xiong X, Fang S, Jiang H, Wu J, Yang H, Gao J, Huang
L. Expanded catalog of microbial genes and metagenome-assembled
genomes from the pig gut microbiome. Nat Commun. 2021;12(1):1106.
https://doi.org/10.1038/541467-021-21295-0.

7. Dawangpa A, Lertwatcharasarakul P, Boonsoongnern A, Ratanavanichrojn
N, Sanguankiat A, Pinniam N, Jala S, Laopiem S, Tulayakul P. Multidrug
resistance problems targeting piglets and environmental health by
Escherichia coli in intensive swine farms. Emerg Contam. 2022;8:123-33.
https://doi.org/10.1016/j.emcon.2022.03.002.

8. De Angelis G, Fiori B, Menchinelli G, D'Inzeo T, Liotti FM, Morandotti
GA, Sanguinetti M, Posteraro B, Spanu T. Incidence and antimicrobial
resistance trends in bloodstream infections caused by ESKAPE and
Escherichia coli at a large teaching hospital in Rome, a 9-year analysis
(2007-2015). Eur J Clin Microbiol Infect Dis Off Publ Eur Soc Clin Micro-
biol. 2018;37(9):1627-36. https://doi.org/10.1007/510096-018-3292-9.

9. de Nies L, Lopes S, Busi SB, et al. PathoFact: a pipeline for the pre-
diction of virulence factors and antimicrobial resistance genes in
metagenomic data. Microbiome. 2021;9:49. https://doi.org/10.1186/
540168-020-00993-9.

10. da Silva GC, Gongalves OS, Rosa JN, Franca KC, Bossé JT, Santana MF,
Langford PR, Bazzolli DMS. Mobile genetic elements drive antimicrobial
resistance gene spread in pasteurellaceae species. Front Microbiol.
2022;12: 773284 https://doi.org/10.3389/fmicb.2021.773284.

11. De Socio GV, Rubbioni P, Botta D, Cenci E, Belati A, Paggi R, Pasticci MB,
Mencacci A. Measurement and prediction of antimicrobial resistance
in bloodstream infections by ESKAPE pathogens and Escherichia coli. J
Global Antimicrob Res. 2019;19:154-60. https://doi.org/10.1016/j jgar.
2019.05.013.

12. Dewulf J, Joosten P, Chantziaras |, Bernaerdt E, Vanderhaeghen W, Postma
M, Maes D. Antibiotic use in European pig production: less is more. Anti-
biotics. 2022;11(11):1493.

13. Dragulescu A, Arendt C (2020) xIsx: Read, Write, Format Excel 2007 and
Excel 97/2000/XP/2003 Files_. R package version 0.6.5, https://CRAN.R-
project.org/package=xIsx

14. ECDC 2023 https://www.ecdc.europa.eu/en/publications-data/antim
icrobial-resistance-surveillance-europe-2023-2021-data. Accessed June
2023

15. Exner M, Bhattacharya S, Christiansen B, Gebel J, Goroncy-Bermes P, Har-
temann P, Heeg P, llschner C, Kramer A, Larson E, Merkens W, Mielke M,
Oltmanns P, Ross B, Rotter M, Schmithausen RM, Sonntag HG, Trautmann
M. Antibiotic resistance: what is so special about multidrug-resistant
Gram- negative bacteria? GMS Hyg Infect Control. 2017;12:Doc05. https://
doi.org/10.3205/dgkh000290.


https://doi.org/10.1186/s42523-024-00305-8
https://doi.org/10.1186/s42523-024-00305-8
https://site.unibo.it/microbiome-science-biotechnology-unit/en/microbiome-materials-and-databases
https://site.unibo.it/microbiome-science-biotechnology-unit/en/microbiome-materials-and-databases
https://doi.org/10.7554/eLife.65088
https://doi.org/10.7554/eLife.65088
https://doi.org/10.1186/s40168-020-00888-9
https://doi.org/10.2134/jeq2008.0471
https://doi.org/10.2134/jeq2008.0471
https://doi.org/10.3389/fmicb.2020.01416
https://doi.org/10.1038/s41467-021-21295-0
https://doi.org/10.1016/j.emcon.2022.03.002
https://doi.org/10.1007/s10096-018-3292-9
https://doi.org/10.1186/s40168-020-00993-9
https://doi.org/10.1186/s40168-020-00993-9
https://doi.org/10.3389/fmicb.2021.773284
https://doi.org/10.1016/j.jgar.2019.05.013
https://doi.org/10.1016/j.jgar.2019.05.013
https://CRAN.R-project.org/package=xlsx
https://CRAN.R-project.org/package=xlsx
https://www.ecdc.europa.eu/en/publications-data/antimicrobial-resistance-surveillance-europe-2023-2021-data
https://www.ecdc.europa.eu/en/publications-data/antimicrobial-resistance-surveillance-europe-2023-2021-data
https://doi.org/10.3205/dgkh000290
https://doi.org/10.3205/dgkh000290

Scicchitano et al. Animal Microbiome

20.

21

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

(2024) 6:17

Gaire TN, Scott HM, Noyes NR, Ericsson AC, Tokach MD, Menegat MB,
Vinasco J, Roenne B, Ray T, Nagaraja TG, Volkova V. Age influences the
temporal dynamics of microbiome and antimicrobial resistance genes
among fecal bacteria in a cohort of production pigs. Animal microbiome.
2023;5(1):2. https://doi.org/10.1186/542523-022-00222-8.

Gaire TN, Scott HM, Sellers L, Nagaraja TG, Volkova VV. Age dependence
of antimicrobial resistance among fecal bacteria in animals: a scoping
review. Front Vet Sci. 2021;7:622495. https://doi.org/10.3389/fvets.2020.
622495.

Gao C (2022) ggVennDiagram: A ‘ggplot2'Implement of Venn Diagram_.
R package version 1.2.2, https://CRAN.R-project.org/package=ggVen
nDiagram

Gao Q, Gao S, Bates C, Zeng Y, Lei J, Su H, Dong Q, Qin Z, Zhao J, Zhang Q,
Ning D, Huang Y, Zhou J, Yang Y. The microbial network property as a bio-
indicator of antibiotic transmission in the environment. Sci Total Environ.
2021;758:143712. https://doi.org/10.1016/j.scitotenv.2020.143712.
Holman DB, Kommadath A, Tingley JP, Abbott DW. Novel insights into the
pig gut microbiome using metagenome-assembled genomes. Microbiol
Spectr. 2022;10(4):e02380-€2422.

He K, Xiong J, Yang W, Zhao L, Wang T, Qian W, Hu S, Wang Q, Aleem MT,
Miao W, Yan W. Metagenome of gut microbiota provides a novel insight
into the pathogenicity of Balantioides coli in weaned piglets. Int J Mol Sci.
2023;24(13):10791. https://doi.org/10.3390/ijms241310791.PMID:37445
967,PMCID:PMC10342044.

Herrero-Fresno A, Zachariasen C, Hansen MH, Nielsen A, Hendriksen RS,
Nielsen SS, Olsen JE. Apramycin treatment affects selection and spread
of a multidrug-resistant Escherichia coli strain able to colonize the human
gut in the intestinal microbiota of pigs. Vet Res. 2016;47:12. https://doi.
org/10.1186/513567-015-0291-z.

Holman DB, Kommadath A, Tingley JP, Abbott DW. Novel insights into the
pig gut microbiome using metagenome-assembled genomes. Microbiol
Spectr. 2022;10(4): e0238022. https://doi.org/10.1128/spectrum.02380-22.
Krawczyk PS, Lipinski L, Dziembowski A. PlasFlow: predicting plasmid
sequences in metagenomic data using genome signatures. Nucleic Acids
Res. 2018;46(6):e35-e35. https://doi.org/10.1093/nar/gkx1321.

Larsson DGJ, Flach CF. Antibiotic resistance in the environment.

Nat Rev Microbiol. 2022;20(5):257-69. https://doi.org/10.1038/
$41579-021-00649-x.

Liao X, Lu X, Rensing C, Friman VP, Geisen S, Chen Z, Yu Z, Wei Z, Zhou S,
Zhu'Y. Hyperthermophilic composting accelerates the removal of anti-
biotic resistance genes and mobile genetic elements in sewage sludge.
Environ Sci Technol. 2018;52(1):266-76. https://doi.org/10.1021/acs.est.
7b04483.

Lorenzo-Diaz F, Fernandez-Lopez C, Lurz R, Bravo A, Espinosa M. Crosstalk
between vertical and horizontal gene transfer: plasmid replication
control by a conjugative relaxase. Nucleic Acids Res. 2017;45(13):7774-85.
https://doi.org/10.1093/nar/gkx450.

Ma F, Xu S, Tang Z, Li Z, Zhang L. Use of antimicrobials in food animals
and impact of transmission of antimicrobial resistance on humans.
Biosafety Health. 2021;3(1):32-8.

Mann A, Nehra K, Rana JS, Dahiya T. Antibiotic resistance in agriculture:
perspectives on upcoming strategies to overcome upsurge in resistance.
Curr Research Microbial Sci. 2021;2: 100030. https://doi.org/10.1016/j.
crmicr.2021.100030.

Maron DF, Smith TJ, Nachman KE. Restrictions on antimicrobial use in
food animal production: an international regulatory and economic
survey. Global Health. 2013;9:48. https://doi.org/10.1186/1744-8603-9-48.
Krassowski M. krassowski/complex-upset. 2020. Zenodo. https://doi.org/
10.5281/zen0d0.3700590.

Monger XC, Gilbert AA, Saucier L, Vincent AT. Antibiotic resistance: from
pig to meat. Antibiotics (Basel, Switzerland). 2021;10(10):1209. https://doi.
0rg/10.3390/antibiotics10101209.

Mun D, Kim H, Shin M, Ryu S, Song M, Oh S, Kim Y. Decoding the intestinal
microbiota repertoire of sow and weaned pigs using culturomic and
metagenomic approaches. J Anim Sci Technol. 2021;63(6):1423-32.
https://doi.org/10.5187/jast.2021.e124.

Nanetti E, Palladino G, Scicchitano D, Trapella G, Cinti N, Fabbrini M, et al.
Composition and biodiversity of soil and root-associated microbiome in
Vitis vinifera cultivar Lambrusco distinguish the microbial terroir of the
Lambrusco DOC protected designation of origin area on a local scale.
Front Microbiol. 2023;14:1108036.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

Page 14 of 15

Neuwirth E _RColorBrewer: ColorBrewer Palettes_. R package version
1.1-3, https://CRAN.R-project.org/package=RColorBrewer. (2022)
Oksanen J, Simpson G, Blanchet FG, Kindt R, Legendre P, Minchin P et al.
(2022). Vegan Community Ecology Package Version 2.6-2 April 2022. The
Comprehensive R Archive Network. Available online: http://cran.r-project.
Org

Parks DH, Imelfort M, Skennerton CT, Hugenholtz P, Tyson GW. Assessing
the quality of microbial genomes recovered from isolates, single cells,
and metagenomes. Genome Res. 2014;25:1043-55.

Pasolli E, Asnicar F, Manara S, Zolfo M, Karcher N, Armanini F, Beghini F,
Manghi P, Tett A, Ghensi P, Collado MC, Rice BL, DuLong C, Morgan XC,
Golden CD, Quince C, Huttenhower C, Segata N. Extensive unexplored
human microbiome diversity revealed by over 150,000 genomes

from metagenomes spanning age, geography, and lifestyle. Cell.
2019;176(3):649-62.€20. https://doi.org/10.1016/j.cell.2019.01.001.

Petrin S, Patuzzi |, Di Cesare A, Tiengo A, Sette G, Biancotto G, Corno G,
Drigo M, Losasso C, Cibin V. Evaluation and quantification of antimicrobial
residues and antimicrobial resistance genes in two Italian swine farms.
Environ Pollut. 2019;255(Pt 1):113183. https://doi.org/10.1016/j.envpol.
2019.113183.

Pollock J, Muwonge A, Hutchings MR, Mainda G, Bronsvoort BM, Gally
DL, Corbishley A. Resistance to change: AMR gene dynamics on a com-
mercial pig farm with high antimicrobial usage. Sci Rep. 2020;10(1):1708.
https://doi.org/10.1038/s41598-020-58659-3.

Poulin-Laprade D, Brouard JS, Gagnon N, Turcotte A, Langlois A, Matte JJ,
Carrillo CD, Zaheer R, McAllister T, Topp E, Talbot G. Resistance determi-
nants and their genetic context in enterobacteria from a longitudinal
study of pigs reared under various husbandry conditions. Appl Environ
Microbiol. 2021,87(8):e02612-e2620. https://doi.org/10.1128/AEM.
02612-20.

Rice LB. Progress and challenges in implementing the research on
ESKAPE pathogens. Infect Control Hosp Epidemiol. 2010;31(Suppl
1):S7-10. https://doi.org/10.1086/655995.

Rudis B (2020) hrbrthemes: Additional Themes, Theme Components and
Utilities for ‘ggplot2’_. R package version 0.8.0, https://CRAN.R-project.
org/package=hrbrthemes

Santajit S, Indrawattana N. Mechanisms of antimicrobial resistance in
ESKAPE pathogens. Biomed Res Int. 2016;2016:2475067. https://doi.org/
10.1155/2016/2475067.

Sarrazin S, Joosten P,Van Gompel L, Luiken RE, Mevius DJ, Wagenaar JA,
Heederik DJ, Dewulf J. Quantitative and qualitative analysis of antimi-
crobial usage patterns in 180 selected farrow-to-finish pig farms from
nine European countries based on single batch and purchase data. J
Antimicrob Chemother. 2019;74(3):807-16.

Savin M, Bierbaum G, Hammerl JA, Heinemann C, Parcina M, Sib E,

Voigt A, Kreyenschmidt J. Antibiotic-resistant bacteria and antimicrobial
residues in wastewater and process water from German pig slaughter-
houses and their receiving municipal wastewater treatment plants. Sci
Total Environ. 2020;727: 138788. https://doi.org/10.1016/j.scitotenv.2020.
138788.

Scott HM, Acuff G, Bergeron G, Bourassa MW, Gill J, Graham DW, Kahn
LH, Morley PS, Salois MJ, Simjee S, Singer RS, Smith TC, Storrs C, Wittum
TE. Critically important antibiotics: criteria and approaches for measur-
ing and reducing their use in food animal agriculture. Ann N'Y Acad Sci.
2019;1441(1):8-16. https://doi.org/10.1111/nyas.14058.

Simon G, Noam R, Robert R, Antonio PC, Marco Sciaini, and Cédric
Scherer (2021). Rvision—-Colorblind-Friendly Color Maps for R. R package
version 0.6.2

Stier A, Ter Braak C, Weedon J (2022) vegan: Community Ecology Pack-
age_. R package version 2.6-2, https://CRAN.R-project.org/package=
vegan

Stogios PJ, Savchenko A. Molecular mechanisms of vancomycin resist-
ance. Protein Sci Publ Protein Soc. 2020;29(3):654-69. https://doi.org/10.
1002/pro.3819.

Teng CH, Wu PC, Tang SL, Chen YC, Cheng MF, Huang PC, Ko WC, Wang
JL. A large spatial survey of colistin-resistant gene mcr-1-Carrying E. coli
in rivers across Taiwan. Microorganisms. 2021;9(4):722. https://doi.org/10.
3390/microorganisms9040722.

TrimBWAstyle.usingBam.pl, 2010. https://github.com/genome/genome/
blob/master/lib/perl/Genome/Site/TGI/Hmp/HmpSraProcess/trimB
WAstyle.usingBam.pl. Accessed June 2023


https://doi.org/10.1186/s42523-022-00222-8
https://doi.org/10.3389/fvets.2020.622495
https://doi.org/10.3389/fvets.2020.622495
https://CRAN.R-project.org/package=ggVennDiagram
https://CRAN.R-project.org/package=ggVennDiagram
https://doi.org/10.1016/j.scitotenv.2020.143712
https://doi.org/10.3390/ijms241310791.PMID:37445967;PMCID:PMC10342044
https://doi.org/10.3390/ijms241310791.PMID:37445967;PMCID:PMC10342044
https://doi.org/10.1186/s13567-015-0291-z
https://doi.org/10.1186/s13567-015-0291-z
https://doi.org/10.1128/spectrum.02380-22
https://doi.org/10.1093/nar/gkx1321
https://doi.org/10.1038/s41579-021-00649-x
https://doi.org/10.1038/s41579-021-00649-x
https://doi.org/10.1021/acs.est.7b04483
https://doi.org/10.1021/acs.est.7b04483
https://doi.org/10.1093/nar/gkx450
https://doi.org/10.1016/j.crmicr.2021.100030
https://doi.org/10.1016/j.crmicr.2021.100030
https://doi.org/10.1186/1744-8603-9-48
https://doi.org/10.5281/zenodo.3700590
https://doi.org/10.5281/zenodo.3700590
https://doi.org/10.3390/antibiotics10101209
https://doi.org/10.3390/antibiotics10101209
https://doi.org/10.5187/jast.2021.e124
https://CRAN.R-project.org/package=RColorBrewer
http://cran.r-project.Org
http://cran.r-project.Org
https://doi.org/10.1016/j.cell.2019.01.001
https://doi.org/10.1016/j.envpol.2019.113183
https://doi.org/10.1016/j.envpol.2019.113183
https://doi.org/10.1038/s41598-020-58659-3
https://doi.org/10.1128/AEM.02612-20
https://doi.org/10.1128/AEM.02612-20
https://doi.org/10.1086/655995
https://CRAN.R-project.org/package=hrbrthemes
https://CRAN.R-project.org/package=hrbrthemes
https://doi.org/10.1155/2016/2475067
https://doi.org/10.1155/2016/2475067
https://doi.org/10.1016/j.scitotenv.2020.138788
https://doi.org/10.1016/j.scitotenv.2020.138788
https://doi.org/10.1111/nyas.14058
https://CRAN.R-project.org/package=vegan
https://CRAN.R-project.org/package=vegan
https://doi.org/10.1002/pro.3819
https://doi.org/10.1002/pro.3819
https://doi.org/10.3390/microorganisms9040722
https://doi.org/10.3390/microorganisms9040722
https://github.com/genome/genome/blob/master/lib/perl/Genome/Site/TGI/Hmp/HmpSraProcess/trimBWAstyle.usingBam.pl
https://github.com/genome/genome/blob/master/lib/perl/Genome/Site/TGI/Hmp/HmpSraProcess/trimBWAstyle.usingBam.pl
https://github.com/genome/genome/blob/master/lib/perl/Genome/Site/TGI/Hmp/HmpSraProcess/trimBWAstyle.usingBam.pl

Scicchitano et al. Animal Microbiome (2024) 6:17

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

Turnbaugh PJ, Ley RE, Hamady M, Fraser-Liggett CM, Knight R, Gordon JI.
The human microbiome project. Nature. 2007;449(7164):804-10.

Truong DT, Tett A, Pasolli E, Huttenhower C, Segata N. Microbial strain-
level population structure and genetic diversity from metagenomes.
Genome Res. 2017;27(4):626-38. https://doi.org/10.1101/gr.216242.116.
Velazquez-Meza ME, Galarde-Lopez M, Carrillo-Quiréz B, Alpuche-Aranda
CM. Antimicrobial resistance: one Health approach. Veterinary world.
2022;15(3):743-9. https://doi.org/10.14202/vetworld.2022.743-749.
Valles-Colomer M, Blanco-Miguez A, Manghi P, Asnicar F, Dubois L,
Golzato D, Segata N. The person-to-person transmission landscape of the
gut and oral microbiomes. Nature. 2023;614:125-35.

Wang X, Howe S, Wei X, Deng F, Tsai T, Chai J, Xiao Y, Yang H, Maxwell CV,
LiY, Zhao J. Comprehensive cultivation of the swine gut microbiome
reveals high bacterial diversity and guides bacterial isolation in pigs.
mSystems. 2021;6(4):20047721. https://doi.org/10.1128/mSystems.
00477-21.

Warnes G, Bolker B, Bonebakker L, Gentleman R, Huber W, Liaw A, Lumley
T, Maechler M, Magnusson A, Moeller S, Schwartz M, Venables B (2022).
gplots: Various R Programming Tools for Plotting Data. R package version
3.1.3, https://CRAN.R-project.org/package=gplots

World Health Organization, WHO, https://www.who.int/. Accessed June
2023

Wickham H. Reshaping data with the reshape package. J Stat Softw. 2007.

https://doi.org/10.18637/jss.v021.i12.

Wickham H. ggplot2: elegant graphics for data analysis. New York:
Springer-Verlag; 2016.

Wickham H, Averick M, Bryan J, Chang W, McGowan LD, Francois R,
Grolemund G, Hayes A, Henry L, Hester J, Kuhn M, Pedersen TL, Miller E,
Bache SM, Mdller K, Ooms J, Robinson D, Seidel DP, Spinu V, Takahashi K,
Vaughan D, Wilke C, Woo K, Yutani H. Welcome to the tidyverse. J Open
Source Softw. 2019;4(43):1686. https://doi.org/10.21105/j0ss5.01686.
Wood J (2022) RcppAlgos: High Performance Tools for Combinatorics and
Computational Mathematics. R package version 2.6.0, https://CRAN.R-
project.org/package=RcppAlgos

Wu'Y, Meng Y, Qian L, Ding B, Han H, Chen H, Bai L, Qu D, Wu Y. The
Vancomycin resistance-associated regulatory system VraSR modulates
biofilm formation of staphylococcus epidermidis in an ica-dependent
manner. mSphere. 2021;6(5):e0064121. https://doi.org/10.1128/mSphere.
00641-21.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 15 of 15


https://doi.org/10.1101/gr.216242.116
https://doi.org/10.14202/vetworld.2022.743-749
https://doi.org/10.1128/mSystems.00477-21
https://doi.org/10.1128/mSystems.00477-21
https://CRAN.R-project.org/package=gplots
https://www.who.int/
https://doi.org/10.18637/jss.v021.i12
https://doi.org/10.21105/joss.01686
https://CRAN.R-project.org/package=RcppAlgos
https://CRAN.R-project.org/package=RcppAlgos
https://doi.org/10.1128/mSphere.00641-21
https://doi.org/10.1128/mSphere.00641-21

	Dispersion of antimicrobial resistant bacteria in pig farms and in the surrounding environment
	Abstract 
	Background 
	Results 
	Conclusions 

	Background
	Results
	SGBs-level characterization of microbiomes in the pig food system
	SGBs potential dispersion across the farm system
	Dispersion of antimicrobial resistance determinants across the farm system

	Discussion
	Conclusions
	Materials and methods
	Animals, sample collection and processing
	DNA extraction and shotgun metagenomic sequencing
	Species-level genome bins (SGBs) definition and ARG identification
	Detection of strain-sharing events
	Biostatistics


	Acknowledgements
	References


