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Abstract

Background High-throughput sequencing technologies play an increasingly active role in the surveillance of major
global health challenges, such as the emergence of antimicrobial resistance. The post-weaning period is of criti-

cal importance for the swine industry and antimicrobials are still required when infection occurs during this period.
Here, two sequencing approaches, shotgun metagenomics and metatranscriptomics, have been applied to decipher
the effect of different treatments used in post-weaning diarrhea on the transcriptome and resistome of pig gut micro-
biome. With this objective, a metagenome-assembled genome (MAG) catalogue was generated to use as a reference
database for transcript mapping obtained from a total of 140 pig fecal samples in a cross-sectional and longitudinal
design to study differential gene expression. The different treatments included antimicrobials trimethoprim/sul-
famethoxazole, colistin, gentamicin, and amoxicillin, and an oral commercial vaccine, a control with water acidifica-
tion, and an untreated control. For metatranscriptomics, fecal samples from pigs were selected before weaning, three
days and four weeks post-treatment.

Results The final non-redundant MAGs collection comprised a total of 1396 genomes obtained from single assem-
blies and co-assemblies per treatment group and sampling time from the metagenomics data. Analysis of antimi-
crobial resistance genes (ARGs) at this assembly level considerably reduced the total number of ARGs identified

in comparison to those found at the reads level. Besides, from the metatranscriptomics data, half of those ARGs
were detected transcriptionally active in all treatment groups. Differential gene expression between sampling

times after treatment found major number of differential expressed genes (DEGs) against the group treated con-
tinuously with amoxicillin, with DEGs being correlated with antimicrobial resistance. Moreover, at three days post-
treatment, a high number of significantly downregulated genes was detected in the group treated with gentamicin.
At this sampling time, this group showed an altered expression of ribosomal-related genes, demonstrating the rapid
effect of gentamicin to inhibit bacterial protein synthesis.

Conclusions Different antimicrobial treatments can impact differently the transcriptome and resistome of microbial
communities, highlighting the relevance of novel sequencing approaches to monitor the resistome and contribute
to a more efficient antimicrobial stewardship.
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Background

For decades, antimicrobials have been widely imple-
mented in veterinary medicine as therapeutics, but also
at low dosages to prevent bacterial infections, taking
advantage of their growth promoting effect [1, 2]. How-
ever, the emergence of antimicrobial resistance (AMR)
worldwide poses a great concern that must be urgently
addressed [3-5]. In the European Union, the use of anti-
biotics as growth promoters in animal feed was banned
in 2006. More recently, EU Regulation 2019/6 prohibited
the routine or preventive use of antimicrobials in animal
husbandry, as well as the supplementation of feed with
high doses of zinc oxide, which has also been demon-
strated to enhance the emergence of resistant bacteria
[6-8]. Notwithstanding, antimicrobials are still essential
when a bacterial infection occurs, and their effectiveness
should be preserved from a One Health perspective.

The role of the gut microbiome in overall health and
growth of piglets has been widely described in recent
years, especially at early life [9-11]. Shifts in microbial
diversity and composition, influenced by factors like
weaning, are known to be correlated with diarrhoea
susceptibility, lower feed intake, and colonization of
pathogens, leading to disease [12-15]. At this phase,
post-weaning diarrhoea (PWD) is a frequent and multi-
factorial condition associated with a loss of productivity
and increased mortality, leading to major financial losses
and increased use of antimicrobials [16, 17]. In the cur-
rent context of antimicrobial reduction, many alternative
strategies have been implemented to improve piglets gut
health during post-weaning. These strategies include pre-
ventive measures such as controlling the housing envi-
ronment, revising vaccine programmes, formulation of
new diets, and even the inclusion of essential oils, prebi-
otics, probiotics, or antimicrobial peptides [16, 18—20].
Besides, other measures focusing on the rapid monitor-
ing of the resistome within the pig gut microbiome could
also have an impact reducing the use of non-effective
antimicrobials and protecting health systems.

Nowadays, the advances in high-throughput sequenc-
ing technologies have revolutionized the way to analyse
microbial communities in a specific environment. Shot-
gun metagenomics allows to recover microbial genomes,
determine their taxonomic composition, and predict
their potential functionality, while metatranscriptom-
ics enables the identification and quantification of genes
that are being expressed within the community at a par-
ticular moment [21, 22]. In the past years, many studies
have focused on understanding the pig gut microbiome
and resistome using shotgun metagenomics, but not that
many have implemented metatranscriptomics to gain
insight into the microbiome functionalities [23—-26]. Not-
withstanding, both shotgun sequencing techniques have
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their own intrinsic limitations, such as the presence of
eukaryotic DNA or ribosomal RNA in the samples add-
ing complexity to the taxonomic classification, or the
challenge to link the identified resistance genes to the
host bacterial species and/or their genetic context to pre-
dict their mobilizable potential.

In our previous study [23], we determined the longitu-
dinal and cross-sectional effect of different PWD treat-
ments in the bacterial communities and the resistome
from pig faecal samples using shotgun metagenom-
ics alone. The study included seven groups of piglets,
four treated with antimicrobials (gentamicin, colistin,
amoxicillin, and trimethoprim/sulfamethoxazole), one
treated with an oral attenuated vaccine, and two control
groups, one with the addition of acidifiers in the drink-
ing water, and the last one untreated. The analysis of
microbial diversity indexes showed that a continuous and
prolonged amoxicillin treatment significantly decreased
diversity four weeks after treatment. On the other hand,
the different treatments contributed differently to the
emergence of resistance, observing that gentamicin and
amoxicillin treatments significantly contributed to the
increase in abundance of antimicrobial resistance genes
(ARGs) [23]. In the present study, shotgun metagenomics
data from the previous study have been implemented to
create a collection of metagenome-assembled genomes
(MAGs) representing the microbial communities exist-
ing in the pigs’ gut microbiome. These MAGs have been
further applied as a gene reference catalogue for the
mapping of the metatranscriptomics data from the same
experimental design with the objective to determine
the effect of the PWD treatments on the transcriptome
of pig gut microbiomes. Furthermore, this multi-omics
approach allowed for the identification and quantifica-
tion of the expressed ARGs in this cross-sectional and
longitudinal study.

Methods

Experimental design

The experimental design was performed as previously
described in Guitart-Matas et al., 2024 [23], including
a total of 210 piglets divided into seven different treat-
ment groups. The farm of origin, located in Catalonia
(Spain), was selected for previous records of PWD out-
breaks. After weaning, one of the groups remained at
the farm of origin (GG), following the routine amoxi-
cillin treatment performed at the farm at the time of
study, whereas the other groups were transferred to an
experimental farm from the Institut de Recerca i Tecno-
logia Agroalimentaries (IRTA), and subjected to six dif-
ferent treatments: trimethoprim/sulfamethoxazole (G1),
colistin (G2), commercial oral E. coli vaccine (G3), gen-
tamicin (G4), untreated control with water acidification
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(G5), and untreated control (G6). The selected antibi-
otic treatments were known to be commonly used in the
treatment of PWD in pigs and were selected based on
previous epidemiological data from the farm [23, 27]. All
antibiotics were applied orally in water for five days when
individual animals showed signs of PWD, eleven days
after arrival at the experimental farm. Dosages and con-
centrations were determined by the summary of product
characteristics (SmPC) of Methoxasol for the trimetho-
prim/sulfamethoxazole treatment (25 mg/kg/day, Gen-
era Inc.), Apsasol for the colistin treatment (1.5 X 10°
international units (IU)/kg/day, Andrés Pintaluba, S.A.),
and Gentavet for the gentamicin treatment (2 x 10° U/
kg/day, Fatro S.p.A.). The commercial vaccine (Colipro-
tec F4/F18, Elanco GmbH) was applied orally in a single
dose the day of arrival, and for the untreated control with
water acidification, drinking water was acidified with
phosphoric acid 75% from the arrival until the end of the
study.

The experimental farm was previously decontaminated,
cleaned, and disinfected, and biosecurity measures were
applied to prevent cross-contamination between the dif-
ferent treatment groups. Clinical signs were monitored
daily, piglets’ weight was measured at the beginning and
at the end of the experiment, and faecal samples were
collected on four different sampling times and frozen
instantly in dry ice: at the farm of origin the day before
departure to the experimental farm and before treatment
(ST1), three days post-treatment (ST2), two weeks (ST3),
and four weeks post-treatment (ST4). Faecal samples
were also collected from animals that remained at the
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farm of origin treated with amoxicillin at the same sam-
pling times (Fig. 1).

Ethical statement

Animals in the experimental farm were exposed to the
same conditions as in the conventional farm and were
allocated following legislation in animal welfare. Anti-
microbial treatments followed the Summary of Product
Characteristics (SmPC), and no disease was induced. The
Ethics Committee for Animal Experimentation (CEEA)
guidelines reviewed and authorized the procedures of
this study with the ID number CEEA103/2018.

Shotgun metagenomics and metatranscriptomics
sequencing

For shotgun metagenomics sequencing, total DNA from
faecal samples of ten animals per group at all sampling
times (n =280) was extracted using the QIAamp® Power-
Fecal® Pro DNA Kit (Qiagen) according to the manufac-
turer’s instructions. For metatranscriptomics, total RNA
was extracted using the NucleoSpin™ RNA Stool (Mach-
erey—Nagel ") from seven animals per treatment group
at ST1, ST2, and ST4 (n =147). Sample selection for
metatranscriptomics corresponded to a pre-weaning pre-
treatment sampling (ST1), and a short-term (ST2) and
long-term (ST4) effect of the treatments. DNA and RNA
were quantified using the Qubit dsDNA Broad Range
and RNA High-Sensitivity assay kits (Thermo Fisher
Scientific), respectively. All extracted nucleic acids were
paired-end sequenced (2 X 150 bp) for shotgun metagen-
omics and shotgun metatranscriptomics on an Illumina
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Fig. 1 Experimental design describing the seven different treatment groups (G1-G6, GG) sampled at four sampling times (ST1-ST4). Metagenomics
sequencing was performed from DNA extracted from the faeces of ten animals per group at all sampling times, while metatranscriptomics
sequencing was performed from RNA extracted from the faeces of seven animals per group at three sampling times
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NovaSeq 6000 platform at 10 and 12 Gb sequencing
depth, respectively (Novogene Bioinformatics Tech-
nology and Centro Nacional de Andlisis Genémico
(CNAG-CRG), respectively). For detailed information
about animals selected for metagenomics see BioProject
PRJNA1010706 and for metatranscriptomics metadata
see Additional File: Table S1.

Metagenome-assembled genomes as a reference database
Metagenomic trimmed and host decontaminated reads
were obtained as described in Guitart-Matas et al., 2024
[23]. From paired reads, single sample assemblies (SA)
were performed with MetaSPAdes assembler v3.15.5 [28]
and co-assemblies per treatment group and sampling
time were generated with Megahit v1.0.2 [29] with a min-
imum contig length of 1000 nt and the “-presets meta-
large” option for large and complex metagenomes. From
both SA and co-assemblies, bins were generated with the
binning module of the MetaWRAP software v1.3 [30].
For SA, the binning tools implemented were CONCOCT,
MaxBin2, and MetaBAT2 [31-33]. However, for co-
assemblies, only MaxBin2 and MetaBAT2 were used due
to the vast computational requirements of CONCOCT
with large files. Then, all bins obtained from SA per treat-
ment group and sampling time were refined together
with the two sets of bins obtained from co-assemblies
(MaxBin2 and MetaBAT2) using the refinement mod-
ule of MetaWRAP to obtain a final set of refined bins,
referred as single- and co-assemblies (SCOA) bins set of
MAGs per treatment group and sampling time. Param-
eters for the refinement module were set at a minimum
completion of 70% (-¢ 70) and a maximum contami-
nation of 10% (-x10). Pairwise comparison analyses
between treatment groups and sampling times of SA and
SCOA were performed in R version 4.3.2 and corrected
for multiple comparisons using the Benjamini—Hochberg
method [34].

Subsequently, all MAGs generated per treatment group
and sampling time were integrated to create a reference
database. The de-replication tool dRep v3.4.2 was imple-
mented to remove repeated genomes and select the most
representative ones among similar MAGs of the inte-
grated set [35]. Completeness and contamination of each
individual MAG was assessed with the “lineage_wf” work-
flow of CheckM v1.2.0 [36], and coverage to calculate the
mapping rate of metagenomic reads against the MAGs
was measured with CoverM v0.7.0 with default relative
abundance method [37]. Phylogenetic tree was gener-
ated with PhyloPhlAn v3.1.68 with the phylophlan data-
base and the diversity parameter set at “high” [38]. Final
maximum likelihood tree was constructed using RAxML
v8.2.12 with the PROTCATLG model for amino acid sub-
stitution, and edited with iTOL v6.9 online tool [39, 40].
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Taxonomy annotation of final MAGs was improved with
GTDB-Tk v2.0.1 (Genome Taxonomy DataBase Toolkit)
using the database release 207, and functional annotation
was performed with DRAM v1.5.0 with the following
databases: Uniref90, PFAM-A, KOfam, and dbCAN-V10
(all downloaded in June 2023) [41, 42]. The R package
‘distilIR’ was used to transform raw DRAM annotations
of each MAG into multiple Genome-Inferred Functional
Traits (GIFTs) [43, 44]. Finally, ARGs from final MAGs
were also estimated with Resfinder v4.3.0 [45].

Metatranscriptomics analysis against the reference
database

Metatranscriptomic raw reads were filtered with the
KneadData software, that included a trimming step
with Trimmomatic v0.39.2 and a host decontamina-
tion step with Bowtie2 v2.4.4. The same features speci-
fied for the metagenomics data were also used for the
metatranscriptomic reads [46, 47]. Additionally, ribo-
somal RNA (rRNA) was removed from metatranscrip-
tomic reads with SortMeRNA v4.3.6 with the Rfam and
Silva databases (silva-bac-16 s-id90, silva-arc-16 s-id95,
silva-bac-23 s-id98, silva-arc-23 s-id95, silva-euk-18
s-1d95, silva-euk-28 s-id98), and the parameters: “—out2
—paired_out —fastx” [48-50].

For the quantification of transcript abundances, the
cleansed metatranscriptomic reads were pseudoaligned
with the open reading frames (ORFs) encoded by the
MAGs using the Kallisto software v0.50.1 [51]. The
resultant count abundance table including all samples
was analysed for differential expression with DESeq2
Bioconductor package in R 4.3.2 using the median of
ratios as normalization method [52]. The final model
included a variable for the treatment group and sampling
time, and the sow ID variable to control for batch differ-
ences. In a first step, principal component analysis (PCA)
was performed to study clustering among samples and
remove outliers. Three outliers were removed at this step
from the groups treated with colistin (G2, n= 1) and gen-
tamicin (G4, n= 1) before weaning (ST1) and the group
treated with amoxicillin (GG, n= 1) three days post-
treatment (ST2) for being positioned between clusters,
and another outlier was excluded from the gentamicin-
treated group (G4, n= 1) before weaning (ST1) for falling
outside the corresponding sampling time cluster (ST4).
Secondly, a differential gene expression analysis between
treatment groups at the different sampling times, after
a pre-filtering step to remove genes with less than 10
counts, was performed. Comparison results were filtered
at a 1% significance level after correction for multiple
testing (P-adj< 0.01) and were represented as heatmaps
with the ‘ggplot2’ R package [53].
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Expressed resistome

ARGs were determined from two different analyses. On
the one hand, differential expressed genes (DEG) associ-
ated with resistance were filtered from the comparison
result tables from DESeq2. The terms used for filtering
were the following: “resistan’, “antibiotic’, “antimicrobial’,
“colistin’, “cillin’; “efflux’, “pump’, “drug’, “multi’, “lactam’,
“cyclin’, “macrolid’, “midazol’, “penem’, “cepha’, “quino-
lon’, “mycin’, “polypeptide’, “sulfonamid’, and “phenicol’
On the other hand, resistance profiles were indepen-
dently determined with Resfinder v4.2.5 [45] from qual-
ity trimmed transcriptomic reads, performing the steps
for normalization and quantification calculated in tran-
scripts per million (TPM) as described in Guitart-Matas
et al, 2024 [23]. Resistance gene normalized expres-
sion counts per antibiotic class were compared between
treatment groups and sampling times also using the
nonparametric Wilcoxon pairwise test with the Benja-
mini-Hochberg method for P-value correction. A multi-
variate comparison between ARGs abundance estimated
by metagenomics and metatranscriptomics data of com-
mon samples from both datasets was assessed by per-
forming a Procrustes analysis using the ‘vegan’ R package

[54].

Results
Metagenome-assembled genome (MAG) collection
from pig fecal samples
The collection of MAGs from pig faecal samples gener-
ated in this study was constructed from a total of 280 sin-
gle assemblies and 28 co-assemblies, one per treatment
group (n =7) and sampling time (n =4). From the single
assemblies (SA), a total of 10,531 high-quality bins were
obtained after the refinement module, with a complete-
ness mean of 87.75% (SD =8.48%) and a contamination
mean of 1.66% (SD =1.75%). The mean size of the bins
was 2.10 Mbp, with a maximum bin size of 6.27 Mbp and
a minimum of 594,565 bp. Pairwise comparisons of mean
completeness and mean contamination did not show sig-
nificant differences between treatment groups (Fig. 2A).
SA bins per treatment group and sampling times were
then refined together with bins generated using MaxBin2

(See figure on next page.)
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and MetaBAT2 from co-assemblies (SCOA). After this
step, the number of SCOA bins increased up to a total of
17,698 high-quality bins, with a mean number of bins per
condition of 632.07 bins (SD =138.08 bins). The highest
number of bins was found in the group treated with tri-
methoprim/sulfamethoxazole two weeks post-treatment
(G1_ST3, n= 837) and the minimum in the colistin-
treated group at four weeks post-treatment (G2_ST4,
n= 365). The completeness mean and the contamina-
tion mean of the SCOA bins increased slightly compared
with the SA bins to 90.07% (SD =1.81%) and 2.04% (SD
=0.31), respectively (Fig. 2A). The mean size of the bins
was similar to the SA bins with 2.15 Mbp, but the range
was less extensive with a maximum bin size of 2.48 Mbp
and a minimum of 1.93 Mbp. Pairwise comparisons
showed similar results as for SA bins.

The total number of bins obtained per treatment group
and sampling time showed common longitudinal vari-
ations in all groups, except for the control group with
water acidification (G5). As depicted in Fig. 2B, a signifi-
cantly lower number of SCOA bins was observed before
weaning (ST1) and four weeks post-treatment (ST4)
compared with three days (ST2, P= 0.001 and 0.003,
respectively) and two weeks post-treatment (ST3, P=
0.001 and 0.001, respectively) in all groups except G5. The
taxonomic classification of SCOA bins represented in
Fig. 2B showed that Bacillota and Bacteroidota were the
most abundant phyla in all groups at all sampling times.
Moreover, a large proportion of non-identified bacte-
ria was found in all conditions, with a mean percentage
of non-classified bacteria of 15.84% (SD =2.60%) of the
SCOA bins per treatment group and sampling time. No
major changes were observed for SA bins (Additional
File: Figure S1 A).

After de-replication of the 17,698 bins, the MAGs col-
lection contained a total of 1,396 bins with a complete-
ness mean of 89.63% (SD =8.23%) and a contamination
mean of 1.50% (SD =1.77%) (Fig. 2C). Of these, a total
of 806 (57.74%) were defined as high-quality bins accord-
ing to the Minimum Information about a Metagen-
ome-Assembled Genome (MIMAG) standards (> 90%
completeness, <5% contamination) [55]. The mean size

Fig. 2 A. Percentage of completeness and contamination means per treatment group and sampling time for both single assembly (SA) bins

and final refined bins from single assemblies and co-assemblies (SCOA). B. Taxonomic classification at the phylum level of SCOA per treatment
group and sampling times. C. Percentage of completeness and contamination means of the final bins included in the metagenome-assembled
genome (MAG) collection refined from 280 pig faecal samples. D. Taxonomic classification at the phylum level of the final bins included in the MAG
collection. E. Phylogenetic reconstruction of the collection of MAGs. Different colours (same as panel D) indicate different phyla and layers indicate
phyla, presence (purple) or absence (white) of resistance genes identified in each MAG, completeness (grey gradient scale), contamination (red
gradient scale), and genome size (grey bars). For Bacillota, s.s. are sensu stricto. G1: trimethoprim/sulfamethoxazole, G2: colistin, G3: oral vaccination,
G4: gentamicin, G5: untreated control with water acidification, Gé: untreated control, GG: amoxicillin (farm of origin). ST1: one day before weaning,
ST2: three days post-treatment, ST3: two weeks post-treatment, ST4: four weeks post-treatment
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of the collection bins was 2.16 Mbp with a mean number
of scaffolds of 254.34. The mean percentage of mapped
metagenomic reads against the complete MAG collection
was 70.29% (SD =6.17%) of the total reads (Additional
File: Figure S1B). Taxonomically, the collection of MAGs
had a higher representation of non-classified bacteria
after de-replication compared with the SA and SCOA
bins. Bacillota was still the most representative phylum,
followed by Bacteroidota, Actinomycetota, and Spiro-
chaetota (Fig. 2D).

The final constructed phylogeny of the complete col-
lection of MAGs from pig fecal samples is represented
in Fig. 2E. The resultant phylogenetic tree clustered the
collection of MAGs by phylum, except for the Bacillota
sublineages A and sensu stricto (s.s.) that separated from
Bacillota sublineages B (“Desulfotomaculota”) and C
(“Selenobacteria”) among other phyla. Functional anno-
tation enabled studying the metabolic potential of the
gut microbiome included in the collection of MAGs.
Most represented functions involved biosynthesis of dif-
ferent compounds, such as nucleic acids, amino acids,
short-chain fatty acids, and vitamins, although metabolic
pathways related with sugar, amino acid, and antibiotic
degradation were also identified. A total of 1,024 MAGs
(73.35%) were identified with at least one functional trait
related with antibiotic degradation. Functions related
with cellular structure were mainly identified among
Bacteroidota, while spore formation was more predomi-
nant among Bacillota (Additional File: Figure S2).

The analysis of ARGs at the bin level identified 72
MAGs (5.16%) with resistance genes. A total of 84 differ-
ent ARGs were detected belonging to the aminoglycoside,
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beta-lactam, phenicol, trimethoprim, macrolide, qui-
nolone, sulphonamide, tetracycline, and glycopeptide
antibiotic classes. The MAGs with the highest number
of encoding ARGs belonged to the species Campylo-
bacter coli and Prevotella sp900771975 (n =8), followed
by Collinsella sp002391315 (n =6), and Clostridioides
mangenotii, JG1575 sp 012511315, Parasutterella excre-
mentihominis, and Ruminococcus gnavus (n =5). Moreo-
ver, seven MAGs were identified with ARGs conferring
resistance to three or more antibiotic classes, showing
multi-drug resistance at the genomic level. Specific genes
per antibiotic class identified in these MAGs are sum-
marised in Table 1. Besides, most of the genes identified
among the MAGs conferred resistance to tetracyclines (n
=31), macrolides (n =29), aminoglycosides (n =29), and
beta-lactams (n =27). For detailed information about all
ARGs detected with Resfinder, including their pheno-
type, mechanism of resistance, predicted genetic context,
and taxonomic rank of the MAGs where they were iden-
tified see Additional File: Table S2.

Metatranscriptomics sequencing and differential gene
expression analysis

After excluding low-quality sequences, trimming off
adapters, host decontamination, and removal of rRNA
from shotgun metatranscriptomic reads of the 140 fae-
cal samples, a median per sample of 1.04 million paired
reads (Q1 =0.70M, Q3 =1.34M) was obtained. After
trimming, host contamination accounted for 1.21% (SD
=3.55%), while removal of rRNA reduced the total num-
ber of reads by 96.40% (SD =1.15%). From the remain-
ing reads, the mean percentage of pseudoaligned reads

Table 1 ARGs identified in the seven MAGs showing multi-drug resistance at the genomic level

Phylum Species Total Aminoglycoside Beta- Phenicol Trimethoprim Macrolide Sulphonamide Tetracycline
Classes lactam
Actinomy-  Collinsella sp 5 aadA2 floR Inu(F) sull tet(L)
cetota aph(6)-Id
Bacteroi- Bacteroides 4 ant(6)-la cfiA4 erm(G) tet(X)
dota fragilis_A
Bacteroi- Prevotella 4 ant(6)-la cfr(C) erm(F) tet(40)
dota sp900771975 Inu(C) tet(Q)
mef(A) tet(W)
Pseu- Basfia_A 3 aadA 14 blagog.1 tet(B)
domon- porcinus
adota
Bacillota_A  Clostridioides_A 3 ant(9)-la Inu(B) tet(M)
mangenotii_A [sa(E) tetB(P)
Bacillota_A  JG1575 3 aadA14 dfrA20 mph(E)
sp012511315 aph(2")-Ic msr(E)
Bacillota Enterococcus_B 3 aac(6)-li msr(C) tet(L)
faecium

The taxonomic classification of each metagenome-assembled genome (MAG) is shown at the phylum and species level and antimicrobial resistance genes (ARGs)

identified with Resfinder are classified and counted per antibiotic class
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against the MAGs functional database was 40.38% (SD
=6.26%). See Additional File: Table S1 for detailed infor-
mation per sample.

Principal component analysis (PCA) of expression
profiles from metatranscriptomics data clustered sam-
ples per sampling time with 55% of the total variance
explained by the first principal component. Samples col-
lected before weaning (ST1) clustered together and sepa-
rated from the samples collected after treatment (ST2
and ST4) (Fig. 3A). Differential expression analysis with
DESeq2 comparing treatment groups within sampling
times (Additional File: Table S3 A) identified major num-
ber of DEGs against the gentamicin-treated group (G4) at
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three days post-treatment (ST2). Individual samples from
this condition (G4, ST2) were also observed to cluster
together in the PCA (Fig. 3A). A total of 5,960 genes were
found differentially expressed (3,819 downregulated and
2141 upregulated) in the gentamicin-treated group (G4),
detecting main differences compared with the vaccinated
group for downregulated genes (G3; 931 genes), and
with the group treated with amoxicillin for upregulated
genes (GG; 1,314 genes) (P-adj< 0.01). DEGs against
the gentamicin-treated group (G4) at a 1% confidence
level (P-adj< 0.01) were further investigated (Additional
File: Table S3 A). Among them, a mean of 25.68% (SD
=3.53%) of the genes encoded hypothetical proteins. For
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Fig. 3 A. Principal component analysis (PCA) of metatranscriptomic expression profiles from different treatment groups and sampling times. B.
Functional traits of the differential expressed genes (DEGs) against the gentamicin-treated group (G4) at three days post-treatment (ST2) ata 1%
significance level (P-adj< 0.01). G1: trimethoprim/sulfamethoxazole, G2: colistin, G3: oral vaccination, G4: gentamicin, G5: untreated control

with water acidification, G6: untreated control, GG: amoxicillin (farm of origin). ST1: one day before weaning, ST2: three days post-treatment, ST4:

four weeks post-treatment
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the remaining DEGs, a relevant proportion of the genes
appeared to be related to ribosomal proteins; 15.57% (SD
=1.87%) downregulated and 7.73% (SD =2.39%) upregu-
lated genes. Within the downregulated genes, most of
them encoded ribosomal proteins of the small (30S) and
large (50S) subunits. In contrast, several genes encod-
ing ribosomal-associated proteins were found to be sig-
nificantly upregulated, such as the ABC-F type ribosomal
protection protein Msr(D), the small ribosomal subunit
biogenesis GTPase RsgA, and the ribosome hibernation
promotion factor (Additional File: Table S3; ST2). The
taxonomic phyla associated to these DEGs belonged to
Bacillota, Bacteroidota, Actinomycetota, Campylobac-
terota, Verrucomicrobiota, and Pseudomonadota from
the Bacteria kingdom, and to Methanobacteriota from
the Archaea kingdom. At the species level, main riboso-
mal DEGs were found in Clostridium sp000435835, Ter-
risporobacter sp022782605, and Paratractidigestivibacter
faecalis. Distillation of the functional annotations of the
DEGs identified against the gentamicin-treated group
(G4) at three days post-treatment (ST2) showed that
functions related with amino acid and vitamin biosyn-
thesis were underrepresented in comparison to the other
treatment groups. Also, functions related to nitrogen
compound degradation and spores were less represented
in all samples of this treatment group (Fig. 3B).

To be noted, filtered results of DEGs associated with
resistance specific terms were compared between treat-
ment groups within each sampling time. Before wean-
ing (ST1), no significant differences between treatment
groups were observed (P-adj> 0.01 and |log,-fold
change (FC)|< 2). However, several differences were
observed at three days post-treatment (ST2) between
groups. Among the DEGs identified, the gene encod-
ing the mupirocin-resistant isoleucine—tRNA ligase
MupA was found to be significantly downregulated in
the group treated with gentamicin (G4) in comparison
to the colistin-treated group (G2, FC™' = 61.39, P-adj=
0.008), the vaccinated group (G3, FC™'= 146.02,
P-adj= 0.009), and the group treated with amoxicillin
(GG, FC™' = 33.13, P-adj= 0.007). Several other genes
encoding resistance-related proteins were also sig-
nificantly upregulated in the gentamicin-treated group
(G4) compared with the group treated with amoxicil-
lin (GG): tetracycline resistance ribosomal protection
protein Tet(44) (FC =134.36, P-adj= 0.001), mupi-
rocin-resistant isoleucine—tRNA ligase MupB (FC
=1,097.50, P-adj= 0.000), ferrous-iron efflux pump
FieF (FC =1,640.59, P-adj= 0.001), multidrug export
protein MepA (FC =357.05, P-adj= 0.003), penicillin-
binding protein A (FC =955.43, P-adj= 0.007), and
phosphoribosylaminoimidazole-succinocarboxamide
synthase (FC =257.78, P-adj= 0.008). Finally, the gene
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encoding the multiple stress resistance protein BhsA
was upregulated in the group treated with amoxicil-
lin (GGQ) compared with the groups treated with the
following antibiotics: trimethoprim/sulfamethoxa-
zole (G1, FC =1,031.12, P-adj= 0.005), colistin (G2,
FC =634.73, P-adj= 0.004), and gentamicin (G4, FC
=617.37, P-adj= 0.004).

Besides, comparisons of DEGs between sampling
times within the different treatment groups (Additional
File: Table S3B) identified main differences before
weaning (ST1) and sampling times post-treatment
(ST2 and ST4). Main differences were detected for the
untreated control group (G6) with 10,912 upregulated
genes at four weeks post-treatment (ST4) compared to
before weaning (ST1). Filtered results of DEGs associ-
ated with resistance specific terms identified down-
regulated genes at three days post-treatment (ST2)
compared to before weaning (ST1) encoding multid-
rug efflux pumps (AcrABF, TtgA, EmrAB, BepE, AaeB),
multiple antibiotic resistance proteins (MarAR, MdtC),
and penicillin-binding proteins (1B, 1A, LpoAB) for
all treatment groups. Also, the gene encoding the mul-
tiple stress resistance protein BhsA was downregu-
lated in all groups, although it was not significant for
the group that remained at the farm of origin treated
with amoxicillin (GG). Other genes were upregulated
at three days post-treatment (ST2): the multidrug
export protein MepA was upregulated in all groups
except the group treated with amoxicillin (GG), and the
mupirocin-resistant isoleucine-tRNA ligase MupA was
upregulated in all treatment groups except the groups
treated with trimethoprim/sulfamethoxazole (G1) and
gentamicin (G4) (Fig. 4A). The taxonomic species har-
bouring most of these resistance-associated DEGs were
Escherichia coli and Parabacteroides distasonis, fol-
lowed by Butyricimonas virosa and Absicoccus porci.
Between post-treatment sampling times, most differ-
ences were observed for the group that remained at the
farm of origin treated with amoxicillin (GG) with 2,564
upregulated genes at four weeks post-treatment (ST4)
compared with three days post-treatment (ST2) (Addi-
tional File: Table S3B). Analysis of the DEGs among this
group between sampling times identified an upregula-
tion of antimicrobial-related genes at four weeks post-
treatment (ST4). Most of these genes encoded efflux
pumps and multidrug proteins, such as MepA, MdtE,
MdtK and NorM. Also, specific genes conferring resist-
ance to colistin, tetracycline, linearmycin, macrolide,
penicillin, and streptomycin were identified (Fig. 4B).
The taxonomic species harbouring most of these DEGs
in the group treated with amoxicillin (GG) were Prevo-
tella sp945863825, Absicoccus porci, and Parabacte-
roides distasonis.
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Fig.4 A. Significant differentially expressed genes (P-adj< 0.01) associated with resistance specific terms at three days post-treatment (ST2)

in comparison to before weaning (ST1) for all treatment groups. G1: trimethoprim/sulfamethoxazole, G2: colistin, G3: oral vaccination, G4:
gentamicin, G5: untreated control with water acidification, G6: untreated control, GG: amoxicillin (farm of origin). B. Significant differentially
expressed genes (P-adj< 0.01) associated with resistance specific terms between sampling times for the group that remained at the farm of origin
treated with amoxicillin (GG). ST1: one day before weaning, ST2: three days post-treatment, ST4: four weeks post-treatment

Expression profile of ARGs between treatment groups

and sampling times

Resistance profiles were determined using Resfinder.
This software identified a total of 116 different ARGs,
conferring resistance to nine different antibiotic classes.
The mean expression of ARGs per sample was 18.18
(SD =7.19), with those conferring resistance to ami-
noglycosides (n =27), macrolides (n =25), and tetra-
cyclines (n =23) being the most predominant. A total
of 244,934 reads covered the sequence regions of the
ARGs identified among samples. After normalization, a
total of 196,090 TPMs were calculated, detecting major

expression levels of ARGs conferring resistance to mac-
rolides (n =89,081.67 TPMs), tetracyclines (n =70,396.36
TPMs), and aminoglycosides (n =27,209.18 TPMs), fol-
lowed by sulphonamides (n =13,201.16 TPMs) and beta-
lactams (n =10,501.91 TPMs) (Additional File: Table S4).

Pairwise comparisons of ARG expression levels
between treatment groups and sampling times are
depicted in Fig. 5. Comparisons between treatment
groups did not identify significant differences of ARG
expression levels before weaning (ST1) and three days
post-treatment (ST2) for any antibiotic class. However,
significant differences were found between treatment
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Fig. 5 Expression levels of ARGs to the different antibiotic classes represented in a logarithmic scale of transcripts per million (TPM)

of transcriptomic reads by treatment group and sampling times. Only ARGs found in at least 2% of the samples are represented. G1: trimethoprim/
sulfamethoxazole, G2: colistin, G3: oral vaccination, G4: gentamicin, G5: untreated control with water acidification, Gé: untreated control, GG:
amoxicillin (farm of origin). ST1: one day before weaning, ST2: three days post-treatment, ST4: four weeks post-treatment

groups four weeks post-treatment (ST4) for aminogly-
cosides, beta-lactams, and tetracyclines. A significant
increased expression of ARGs conferring resistance
to aminoglycosides was observed for the group that
remained at the farm of origin treated with amoxicil-
lin (GG) in comparison to the group treated with tri-
methoprim/sulfamethoxazole (G1, P-adj= 0.028), the
vaccinated group (G3, P-adj= 0.033), and the control
group with water acidification (G5, P-adj= 0.028). Spe-
cific ARGs identified in the GG group four weeks post-
treatment (ST4) conferring resistance to aminoglycosides
were ant(6)-la, ant(6)-Ib, and aph(3’)-1lI (considering
ARGs found in three or more samples). Also, an increase
in ARGs expression levels conferring resistance to beta-
lactams was observed in the GG group compared to the
vaccinated group (G3, P-adj= 0.049) and the gentamicin-
treated group (G4, P-adj= 0.049). The most prevalent
ARGs were cfxA and cfxA6. For ARGs conferring resist-
ance to tetracyclines, a significant increased expression
was observed in the untreated control group (G6) in
comparison with the group treated with trimethoprim/
sulfamethoxazole (G1, P-adj= 0.025) at four weeks post-
treatment (ST4). The most predominant ARGs in this
group (G6) at four weeks post-treatment were tet(40),
tet(L), tet(O/W), tet(Q), tet(W), and tet(W/32/0).
Besides, when studying ARGs expression longitudi-
nally, a significant decrease for ARGs conferring resist-
ance to macrolides and tetracyclines was observed at
three days (ST2) and four weeks (ST4) post-treatment in
all treatment groups (P-value <0.05, Fig. 5). The ARGs for
macrolides that showed major decreased expression were

erm(F), erm(N), mef(C), mph(A), mph(B), and mph(QG).
In the case of ARGs conferring resistance to tetracycline,
main differences were observed for tet(A), tet(Q), and
tet(X).

Correlation of ARGs abundances from metagenomic

and metatranscriptomic reads

To assess the similarities in global profiles of the ARGs
estimated by shotgun metagenomics [23] and metatran-
scriptomics, a combination of univariate and Procrustes
analysis was implemented. A total of 115 ARGs were
common between both datasets, suggesting that in our
experimental conditions 50.22% of the ARGs from the
total ARGs identified in the metagenomics analysis (n
=229) were being expressed. All the ARGs detected
from the metatranscriptomic reads were also detected
from the metagenomic reads, except the beta-lactam
blapyi013 Tesistant gene. An overall multivariate corre-
lation of 0.79 was observed between metagenomics and
metatranscriptomics data from ninety-six common sam-
ples (Additional File: Figure S3 A).

Furthermore, we also evaluated the individual correla-
tion patterns of specific ARGs between the metagenomic
and metatranscriptomic datasets, and observed 23 genes
(20%) with a positive correlation (> 0.6), with seven genes
having a strong positive correlation (> 0.8): aph(3’)-Ib
with a correlation of 0.92, nimD and sul2 with 0.87 cor-
relation, mph(A) with 0.85, and cepA—44, mefiC), and
mph(G) with a correlation of 0.82. A second Procrustes
analysis to compare global similarity patterns between
datasets was repeated using only the common genes
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between the metagenomic and metatranscriptomic data-
sets (n =115 ARGs), and a higher correlation similarity
was observed (R =0.85) (Additional File: Figure S3B).

Discussion

Antimicrobial resistance is one of the major challenges
threatening global health [56, 57]. Understanding how
common antimicrobial treatments affect the emergence
and selection of ARGs is of great importance in a One
Health context, since ARGs can disseminate among dif-
ferent environments [58—60]. Traditionally, methods for
the identification of ARGs have relied on culture-based
techniques that limit the analysis to the estimated 1% of
culturable bacteria under laboratory conditions [61-63].
In the omics era, novel sequencing technologies have
revolutionized how microbial communities and their
associated resistome can be investigated. The two shot-
gun sequencing technologies implemented in this study
allowed the generation of a metagenome catalogue, and
to comprehensively reveal the effect of multiple different
PWD treatments on the transcriptome and resistome of
the pig gut microbiome longitudinally. Furthermore, the
non-redundant MAGs catalogue generated herein will
potentially contribute as a valuable resource to better
characterize and further study the pig gut microbiome
and resistome.

Despite bioinformatics software to analyse metagen-
omics and metatranscriptomics data are continuously
emerging, the strategy performed here appears to be a
robust approach that, to our knowledge, has not previ-
ously been performed from pigs treated with different
antibiotics in similar experimental settings, reducing the
possible bias introduced by the farm environment, dif-
ferent diets, and other management practices that can
affect the microbial composition of the gut microbiota.
First, it took advantage of the genetic content available
from metagenomics sequencing to generate a highly
refined non-redundant MAGs catalogue obtained from
assemblies of individual samples and co-assemblies per
treatment group and sampling time. Refinement of both
assembly sets improved bins completeness and length,
while increasing the number of final bins per condition,
and subsequently, of the catalogue. Second, the metatran-
scriptomics data generated from the same experimen-
tal design was mapped against the MAGs catalogue to
decipher which populations and genes found in the same
microbiome were transcriptionally active, reducing the
bias of mapping against an integrated database. Moreo-
ver, the taxonomic diversity and total bins abundance
identified for the SCOA and SA bins per treatment group
and sampling time resembled to that observed in previ-
ous studies of our group from the metagenomic reads
[23]. Microbial diversity variations represented by the
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Shannon indexes in previous work showed an increase in
diversity three days and two weeks post-treatment that
decreased to initial amounts at four weeks post-treat-
ment [23], the same pattern observed for bins abundance
herein at the different sampling times. Treatment groups
with reduced microbial diversity measured from bins
abundance at four weeks post-treatment were the colis-
tin-treated group, the untreated control, and the group
that remained at the farm of origin continuously treated
with amoxicillin. Besides, the treatment group with
increased number of bins by the end of the experiment
was the vaccinated group, followed by the control group
with water acidification, as observed by the Shannon
indexes at four weeks post-treatment [23]. These results
suggest that microbial diversity could also be estimated
and compared from total MAGs abundance when com-
paring different conditions from the same experimental
setting.

The prevalence of unclassified bacteria to any taxo-
nomic level among the bins generated per treatment
group and sampling time, as well as for the final non-
redundant MAGs catalogue, highlights the importance of
investigating new methods for the identification of these
unknown bacteria to unravel their characteristics and
functionalities in the pig gut microbiome. Furthermore, it
is interesting to note that the number of ARGs identified
at the bin level is substantially reduced in comparison to
the total ARGs identified at the reads level. The fact that
detection of ARGs decreased after downstream assembly
steps, including binning, suggests that much informa-
tion may be lost during these steps [64]. These observa-
tions raise questions concerning the capacity of the bins
to detect ARGs that represent the whole resistome, and
the possibility of deciphering the potential reservoirs
of ARGs within the pig gut microbiome [65, 66]. Con-
sidering our results, Campylobacter coli and Prevotella
sp900771975 (recently renamed Segatella) were found as
the major reservoirs of ARGs in the gut microbiome of
pigs.

The identification of ARGs from the metatranscrip-
tomics data provided further insights into the resistance
genes that were actively expressed in the pig gut micro-
biome. To our knowledge, no previous data was available
on the extent to which ARGs are expressed in the gut of
pigs, especially under antimicrobial selective pressures.
Despite the high amount of ARGs identified from the
metagenomics data [23], 50% of them were transcription-
ally active, as previously found in other studies [22, 24]. A
diverse range of ARGs were expressed before treatment
and in all treatments, including the untreated control
group. As previously reported [23], the decrease of some
ARGs after weaning may be correlated with the micro-
bial diversity shifts observed after weaning carrying those
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specific ARGs. Perhaps, these microorganisms harbour-
ing ARGs were transmitted from the sows to the piglets
after the antibiotic pressure applied for years at the farm.
Future studies including samples from the sows or the
environment at birth would allow to investigate into this
hypothetical correlation. However, most of these micro-
organisms switched after weaning, resulting in a reduced
number of ARGs in the gut of the piglets. In this study,
the most expressed ARG classes regarding diversity and
abundance conferred resistance to macrolides, tetracy-
clines, and aminoglycosides, in concordance with other
studies performed in pigs [67, 68]. However, transcript
abundances showed great variability and were not very
consistent between treatment groups.

Parallelly, differences in gene expression were mainly
observed when comparing sampling times after weaning,
either at three days or four weeks post-treatment, and the
sampling time before weaning, for all treatment groups.
Major differences were observed for the untreated con-
trol group, with more than 10,000 upregulated genes four
weeks post-treatment. This observation could suggest
that the different treatments implemented here, even the
addition of acidifiers in the water, could potentially select
for specific microorganisms reducing the total num-
ber of functions differentially expressed after weaning.
Moreover, nonspecific genome-inferred functional trait
was distinctly identified in the untreated control group
in comparison to the other treatment groups when con-
trasting these two sampling times. Besides, comparisons
between sampling times after weaning observed major
differences for the group that remained at the farm of
origin continuously treated with amoxicillin. This group
showed the highest number of upregulated genes at four
weeks post-treatment in comparison to three days post-
treatment, with a substantial abundance of resistance
correlated genes, such as efflux pumps and multidrug
resistance proteins. This effect on the metatranscriptome,
together with previous findings showing a disruption of
the microbial communities at this sampling time [23], can
again be correlated with the longer prescription period of
the treatment, most probably as a result of an adaptation
to the continuous antibiotic pressure [69, 70]. Another
relevant observation of this study was the effect of the
gentamicin treatment on the transcriptome compared
with the rest of the treatments. Interestingly, this group
had significantly altered the expression of ribosomal-
related genes showing an effect at the transcriptome level
already three days after treatment. These results reflect
the rapid effect of gentamicin against bacteria, which acts
by binding the 30S ribosomal subunit to inhibit bacterial
protein synthesis [71, 72]. However, when the antibiotic
treatment was withdrawn, these changes in the transcrip-
tome were restored by the end of the experiment.
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The overall high amount of ARGs found in the intesti-
nal tract of animals and humans is known to contribute
to the spread of resistance worldwide [65, 73]. Note-
worthy, some ARGs identified in this study, aph(3)-I1I,
erm(B), Inu(C), and tet(40), were found to be actively
expressed continuously in all or nearly all the samples
collected. Although antimicrobial resistance genes were
expressed even in the absence of selective pressure, we
provided evidence of the significant impact that some
commonly used antimicrobials have on the selection of
resistance. For instance, the continuous use of amoxicil-
lin not only increased expression levels for beta-lactam
resistance genes, but also for aminoglycosides. In con-
trast, gentamicin had a rapid and reversible effect on the
microbial transcriptome. The usage of shotgun sequenc-
ing technologies must be considered to further inves-
tigate the prevalence of antimicrobial resistance within
microbiomes to decipher potential drivers and reservoirs.
The findings of this study underscore the importance of
characterizing the microbiome and resistome at different
levels to implement effective antimicrobial stewardship
practices on farm.

Conclusions

By combining shotgun metagenomics and metatran-
scriptomics, this study has generated a metagenome
assembled catalogue of the pig gut microbiome to study
differential gene expression in a cross-sectional and lon-
gitudinal experimental design. The main findings showed
that half of the antimicrobial resistance genes present
in the metagenomics data were transcriptionally active.
Gentamicin and amoxicillin treatments had major effects
on the microbial transcriptome compared to the rest of
the treatments. These results also evidence that the appli-
cation of high-throughput sequencing technologies offers
a new paradigm for the surveillance of antimicrobial
resistance worldwide.
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Supplementary Material 1: Table S1. General information of selected
animals of the study for metatranscriptomics sequencing, including host
and rRNA contamination, mapping rate, and NCBI SRA Accession numbers
from BioProject PRINA1010706. Weights are expressed in Kg. ADWG:
Average Daily Weight Gain (information not available for the GG group).
G1: trimethoprim/sulfamethoxazole, G2: colistin, G3: oral vaccinated, G4:
gentamicin, G5: untreated control with water acidification, Gé: untreated
control, GG: amoxicillin (farm of origin). ST1: one day before weaning, ST2:
three days after treatment, ST4: three weeks after treatment. Table S2.
Antimicrobial resistance genes (ARGs) detected with Resfinder in the
collection of 1,396 metagenome-assembled genomes (MAGs) from

pig faecal samples, including their taxonomic rank and gene metadata
obtained from Resfinder and CARD databases. Table S3. A. Number of
differential expressed genes between treatment groups at the three dif-
ferent sampling times at a 1% significance level. B. Number of differential
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welfare. Antimicrobial treatments followed the summary of product character-
istics (SmPC) of the products, and no disease was induced. The Ethics Commit-
tee for Animal Experimentation (CEEA) guidelines reviewed and authorized
the procedures of this study with the ID number CEEA103/2018.

expressed genes between sampling times within each treatment group
ata 1% significance level. Blue bars indicate downregulated genes, while
purple bars are upregulated genes. G1: trimethoprim/sulfamethoxazole,
G2: colistin, G3: oral vaccinated, G4: gentamicin, G5: untreated control with
water acidification, G6: untreated control, GG: amoxicillin (farm of origin).
ST1: one day before weaning, ST2: three days after treatment, ST4: three
weeks after treatment. Table S4. Sum of antimicrobial resistance genes
(ARGs) abundance per antibiotic class from normalized data of resistance
genes identified by Resfinder. G1: trimethoprim/sulfamethoxazole, G2:
colistin, G3: oral vaccinated, G4: gentamicin, G5: untreated control with
water acidification, G6: untreated control, GG: amoxicillin (farm of origin).
ST1: one day before weaning, ST2: three days post-treatment, ST4: four
weeks post-treatment.
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