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The extensive use of antimicrobials in livestock has accelerated the emergence of
antimicrobial resistance (AMR), raising serious global concerns. Poultry feces are
recognized as important reservoirs of antibiotic resistance genes (ARGs) and their
associated mobile genetic elements (MGEs); however, the microbial community
characteristics and ARG profiles of laying hens across different laying stages
remain poorly understood. In this study, 40 fecal samples were collected from
laying hens at five sampling points, including the early laying stage (HE), three
peak laying stages (HPI, HPII, and HPIII), and the late laying stage (HL), with eight
randomly selected samples per stage. Shotgun metagenomic sequencing was
conducted to characterize the taxonomic structure and functional profiles of the
intestinal microbiota and to systematically analyze the diversity and distribution
patterns of ARGs. The results showed that most ARGs were harbored by bacteria
belonging to the phyla Pseudomonadota and Bacillota, with Escherichia coli
serving as the primary carrier of antibiotic resistance genes. Moreover, significant
correlations were observed between the co-abundance and co-occurrence
of ARGs and MGEs, suggesting that MGEs play a key role in facilitating ARG
dissemination. Overall, these findings provide novel insights into the prevalence
of ARGs in laying hens across different laying stages and may inform strategies
to mitigate the spread of antimicrobial resistance in poultry production systems.

KEYWORDS

antimicrobial resistance genes, fecal microbiota, laying hens, metagenomics, mobile
genetic elements

1 Introduction

The use of antimicrobials in animal husbandry has significantly contributed to the
prevention and control of human and animal diseases. However, excessive use of these
chemicals has evolved into a serious health challenge, posing a potential threat to
human and animal health, which has garnered widespread concern around the world (1).
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The prolonged use of antibiotics in animals not only disrupts
the intestinal microecology, but also increases the likelihood of
horizontal gene transfer (HGT) of antibiotic resistance genes
(ARGs) among microbiota (2). This risk is mainly due to the
selection pressure of antibiotics on bacteria, prompting bacteria
to undergo genetic changes and thus develop resistance (3). The
HGTs between strains of the same or different species can be
facilitated by ARG-carrying plasmids, integrons and transposons
in bacteria. Even after the drug-resistant strain ceases to exist, the
DNA carrying ARGs remains viable in the environment for an
extended period due to protection from deoxy nucleotidase (4).
This phenomenon increases the risk of transmission of antibiotic
resistance and makes it more difficult to prevent and treat bacterial
infections. To reduce the emergence and spread of antibiotic
resistance and protect human and animal health, the responsible
used of antibiotics has become compelling.

Metagenomics offers sufficient sequencing depth to detect the
abundance of individual ARGs, making it a powerful tool for anti-
microbial resistance (AMR) research (5). Metagenomic analysis can
reveal a variety of information such as the type, quantity, gene
expression and functional metabolism of gut microbiota and the
changes of gut microbiota and resistome at different laying periods.
A previous study used metagenomic technology to analyze he
circadian oscillations of the microbiome and antibiotic resistance
genes in a model of laying hens demonstrated that ARGs are
directly affected by microbial B diversity and MGEs and that E. coli
is an important reservoir of ARGs in feces (6).

Significant research has been conducted on resistance genes
of intestinal microbiota in chickens, however investigation of the
changes of resistance genes at different laying periods in hens
remains insufficient. The special physiological structure of laying
hens is that the digestive and reproductive tracts meet in the cloaca,
which makes it possible for intestinal microbiota to migrate up the
fallopian tube to the funnels (7). This phenomenon undoubtedly
poses a potential threat to the health and safety of chicks.

In this study, deep metagenomic sequencing of 40 fecal samples
collected at 5 laying periods was performed to construct fecal
microbiomes and gene catalogs at different laying periods. The
analysis revealed the transfer of ARGs between different bacterial
species via MGEs in the gut of laying hens. The study results
improved understanding of the transmission mechanism of drug
resistance and provide an important scientific basis for improving
egg quality and ensuring food safety.

2 Materials and methods

2.1 Collection of samples

All sampling was carried out at a commercial chicken farm in
Qingdao, China, which uses a Type A three-layer cage system, and
the living conditions of laying hens are in accordance with the local
regulations of living space. No antibiotics were added to the chicken
feed. We randomly selected eight chicken cages containing Hyline
brown laying hens, and each cage selected one laying hen and wore
an anklet number for tracking. Five sampling time points (120,
187, 253, 367, 436 days) with group labels HE, HPI, HPII, HPIII,
HL. The sampling time points were as follows: early laying (120
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days, daily laying rate <10%, samples labeled HE1-8); peak laying
period (187 days, 253 days and 367 days, daily laying rate >90%,
samples labeled HPI1-8, HPII1-8 and HPIII1-8); and late laying
period (436 days, daily laying rate <80%, sample labeled HL1-8).
In commercial layer production, the peak laying period typically
lasts for 6-8 months. Although the daily laying rate remains above
90%, physiological and reproductive status, metabolic demands,
and endocrine levels can vary during this phase (8). Sampling at
multiple time points helps to more accurately capture the dynamic
changes in the gut microbiota within the peak laying period.

During the sampling process, strict measures were followed to
ensure the purity and integrity of the samples. A clean plastic bag
was placed under the cage at 9 am on each sampling day. Then,
when our chosen laying hens excreted, their feces naturally fell
into the bag. We then carefully removed the plastic bag, quickly
transferred the collected feces into a 50 ml sterile centrifuge tube
and shipped the sample back to the lab at a low temperature. A total
of 40 fecal samples were collected over 5 sampling periods, which
were stored at —80 °C until DNA extraction.

2.2 DNA extraction, sequencing and data
processing

DNA from feces was extracted using the OMEGA Mag-Bind
Soil DNA Kit (M5635-02) following the manufacturer’s instructions
and stored at —20 °C before further assessment. After integrity,
purity and concentration tests, qualified DNA was used to construct
libraries and sequenced. Each library was sequenced by Illumina
NovaSeq platform (Illumina, USA) with PE150 strategy at Personal
Biotechnology Co., Ltd. (Shanghai, China).

The DNA sequences were subjected to quality control using
FASTP v0.23.2 (9) with the parameters “-q 20 -u 30 -n 5 -y -Y
30 -1 80 —trim_poly_g”. Next, the quality-controlled sequencing
data were aligned to the reference genome to remove host genomic
information using Bowtie2 v2.4.4 (10). The resulting paired-
end sequences were assembled into contigs using MEGAHIT
v1.2.9 (11), with the option “~k-list 21,41,61,81,101,121,141". Next,
Contigs longer than 2 kb were binned using MetaBAT2 v2:2.15 (12).
Bins with a completeness >50%, contamination <10% and quality
score (defined as completeness—5 x contamination) >55 (13)
were selected by CheckM2 v.1.2.2 (14). All metagenome-assembled
genomes (MAGs) were clustered by dRep v3.4.2 (15) at strains
level. The phylogenetic tree generated by GTDB-Tk v2.1.1 (16)
and GTDB database (17) was visualized with iTOL (v6, https://itol.
embl.de).

2.3 Gene prediction and functional analysis

Gene prediction was performed using Prodigal v2.6.1 (18),
which only uses contigs longer than 500 bp. The predicted genes
were filtered to remove genes shorter than 100 bp. A non-
redundant gene catalog was constructed from the predicted genes
using MMseqs2 v14-7e284 (19) with the parameter “~cluster-mode
2 -min-seq-id 0.9 —cov-mode 1 -c 0.9” to cluster the genes with
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the criteria of 90% identity and 90% overlap, resulting in a non-
redundant microbial gene catalog comprising 3.1 million genes.
Protein-coding genes were compared against the KEGG (20) and
CAZy (21) using DIAMOND v2.1.8.162 (22), with parameters
“~min-score 60 —query-cover 50”.

2.4 ARGs and MGEs prediction

The predicted genes are considered ARGs and MGEs against
the CARD (23) (v3.2.6) and MGE (24), with a coverage >80%
and identity >80%, using DIAMOND. To assess the abundance of
ARGs and MGEs, we aligned the clean reads (20 million reads per
samples) against the reference genes using Bowtie2 v2.4.4 with the
default parameters, as the search criteria. Using BLASTN v 2.13.0,
the ORF annotated to ARGs was compared with the Nucleotide
Sequence Database to obtain the bacterial host of ARGs.

2.5 Statistical analysis and visualization

Diversity analysis was performed using the “vegan” package.
Beta-diversity was assessed via principal coordinate analysis
(PCoA) based on Bray-Curtis distance, with PERMANOVA used
to test group differences. Statistical tests and models included
the Wilcoxon rank sum test to compare community abundance,
diversity indices, and functional features, axonomic abundance,
and functional features. Mantel tests were conducted using the
“LinkET” package. For visualization, heatmaps were generated with
“ComplexHeatmap”, Sankey diagrams with “ggsankey”, and gene
arrow maps with “gggenes”. Custom charts were created with
“ggplo2”, and microbial interaction networks were visualized using
“ggraph”. Spearman’s correlation analysis was performed to explore
associations between gut microbiota, mobilomes, and resistomes.

3 Results

3.1 Characterization of genomes and genes
of samples

A total of 1,015 MAGs obtained after

nucleotide

were 99%
(ANI) The
genome size of these MAGs ranged from 0.2 Mbp to
54 Mbp (average 1.8 Mbp), and the N50 values ranged
from 2,808 to 338,700 bp (average 21,527 bp). The GC
content averaged 50.2% and ranged from 24.4% to 73.9%.
74.7%
was 2.2%. Among them, 161 genomes (18.7%) met high

average identity dereplication.

The average completeness was and contamination
quality criteria (>90% integrity and <5% contamination)
(Supplementary Table 1).

Classification results showed that 1,007 MAGs were bacterial
and 8 MAGs were archaeal. The bacterial genomes spanned
17 phyla, 93 families, 229 genera and 401 species. The top
three representative bacterial phyla were Bacillota (n = 535,
53.12%), Bacteroidota (n = 293, 29.10%) and Actinomycetota
(n = 72, 7.15%). The top three families were Bacteroidaceae
(n = 123, 12.21%), Lactobacillaceae (n = 108, 10.72%), and
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Lachnospiraceae (n = 107, 10.63%), respectively (Figure 1,
Notably, 91 MAGs

classified to known species based on the current reference

Supplementary Table 1). could not be
genome database.

After clustering at 90% nucleotide sequence identity, we
constructed a non-redundant microbial gene catalog including
3,179,723 genes and an average length of 799.4 bp (length of
genes ranged from 102 bp to 22,632 bp). Using BLAST against
the NCBI nucleic acid sequence database, a total of 1,189,447
genes of 3,179,723 non-redundant genes could be annotated
to bacteria.

3.2 Composition of fecal microbiota of
laying hens at different laying periods

This study revealed the composition and diversity of the fecal
microbiota in laying hens across different production stages by
comparing their microbial characteristics. At the phylum level,
Bacteroidota and Bacillota were the dominant bacterial phyla
(Figure 2A). At the family level, Lactobacillaceae was the most
abundant and dominant family (Figure 2B). Except for the HPII
group, most of the other groups were similar in the composition
of the bacterial spectrum.

We compared the gut microbial diversity across different
egg-laying stages. The species richness and diversity during the
HPII stage were significantly lower than those in other stages
(Figures 2C, D). PCoA analysis based on Bray-Curtis dissimilarity
indicated significant differences in microbial community structure
between egg-laying stages (R* = 0.2245, p < 0.01; Figure 2E).
At this stage, the energy and hormone fluctuations in laying
hens lead to changes in the intestinal environment, which
may cause a decline in the abundance and diversity of
the microbiota.

To investigate the time-dependent variations in microbial
functional profiles, we characterized the gene catalog through
KEGG Orthology (KO) and CAZymes annotations. A total
of 55.62% (1,768,594/3,179,722) of protein-coding genes were
assigned to 8,223 KOs. The overall abundance of KOs was
significantly higher during the HPII period than other periods
(p < 0.05, Figure 3A). We selected all metabolism-related KOs
and found that Carbohydrate metabolism (n = 750, 24.88%)
accounted for the largest proportion, followed by Amino acid
metabolism (n = 405, 13.44%) (Figure 3B). The lacZ gene (K01190)
and bglX gene (K05349) encoding beta-galactosidase were the
most abundant (Figure 3C). The adonis analysis using Bray-Curtis
distance revealed, that the abundance of KOs in HPII group was
significantly different from the other groups (p < 0.001, Figure 3D).

Subsequently, we studied the distribution of CAZymes in the
feces of laying hens at different laying periods. Out of the 3,179,722
predicted proteins, 13.99% (444,866/3,179,722) were found to
exhibit at least one CAZymes (Figure 3E, Supplementary Table 2).
The most common is glycoside hydrolases (GHs), followed
by glycosyltransferases (GTs). LEfSe analysis revealed that gut
microbiota of laying hens significantly enriched the highest amount
of CAZymes (LDA > 2, q < 0.05) at the HPII group (Figure 3F).
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3.3 ARGs in the fecal microbiota of laying
hens

By comparing protein-coding non-redundant genes with the
CARD, 1,271 ORFs were identified as representative ARGs. These
genes belonged to 273 ARGs (e.g., tet(M), mdtM and ErmB)
and 23 antibiotic resistance types (e.g., elfamycin, aminoglycoside
and tetracycline) (Supplementary Table 3). Among the 1,271
representative ARGs detected in this study, the most abundant
resistance phenotype was multidrug resistance (25.81%), followed
by elfamycin antibiotic (24.23%) (Figure 4A). Target alteration
was the main resistance mechanism (56.57%), followed by
inactivation mechanism (13.45%) and efflux mechanism (12.04%)
(Figure 4B).

Subsequently, we assessed the diversity, abundance, variation
of ARGs and resistance phenotype at different laying periods.
55 ARGs were found in over 80% of the samples and 18
ARGs were detected in all samples (Supplementary Table 4).
The resistance mechanism of these ARGs was antibiotic target
protection, antibiotic target alteration, antibiotic inactivation,
antibiotic efflux, and multiple resistance mechanisms. The
ARGs whose abundance were ranked in the top five were
tet(W), ErmB, tet(M), Saur_fusA_FA and tet(Q) (Figure4C,
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Supplementary Table 3). Exploring unique and shared ARGs
among different hosts enhanced our understanding of the diversity
of ARGs. The HPIII group carried the most ARGs, followed
by the HE group. The identification of 188 ARGs across
the laying periods indicates that these ARGs were widespread
among laying hens (Figure 4D). Resistome profiling revealed
that tetracycline and multidrug resistance genes were the most
prevalent phenotypes across all laying stages, accounting for 29.08%
and 19.22% of the total resistance gene abundance, respectively
(Figure 4E).

ARGs can confer resistance to host bacteria and potentially
contribute to the emergence of multi-drug resistance (MDR)
bacteria. Here, the host bacteria harboring these ARGs were
identified by taxonomic assignment of overlapping groups
containing ARG ORFs. 1,267 representative ARGs were
annotated to bacteria, and the other 4 ARGs could not be
annotate to any species information (Supplementary Figure 1A,
Supplementary Table 3). Enterobacteriaceae was the main carriers
of ARGs, followed by Enterococcaceae and Staphylococcaceae.
E. coli carried 89 ARGs, of which 42 were MDR genes.
E. coli carried the highest number of ARGs, with the
highest number of MDR genes, followed by aminoglycoside
(Supplementary Figure 1B).
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FIGURE 2
Composition and diversity of intestinal microorganisms in laying hens. (A, B) Stacked bar plots display community composition of the gut microbiota
at both the phylum and family level, respectively. (C) Boxplot showing the Shannon diversity index of intestinal microbiota across different egg-laying
stages. Significance levels were determined using the Wilcoxon rank sum test (*o < 0.05, **p < 0.01). (D) Boxplot illustrating the species richness of
gut microbiota at various egg laying stages. (E) Principal Coordinate Analysis (PCoA) plot based on Bray—Curtis distances. Showing B diversity among
different egg laying stages. Fecal microbiota function in laying periods.

3.4 Exploring the interrelationship among
the fecal microbiome, mobilome, and
resistome

To investigate the impact of gut microbiota composition and
temporal dynamics on the genetic determinants of antimicrobial
resistance, we integrated microbial community data with
resistome profiling to assess their interdependencies. Richness
index (r = 0.37, p = 0.018) and Shannon index (r = 0.49, p =
0.0014) showed a positive correlation between resistome and
microbiome (Figures 5A, B). Specifically, Bacilli bacterium was
highly correlated with 11 drug resistance phenotypes (r > 0.03,
p < 0.02) (Supplementary Figure 1C, Supplementary Table 5).
Together, our data revealed the profound influence of
microbial communities on drug-resistant microbiota and the
critical role that Bacilli bacterium and Enterococcus play in
this interaction.
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MGEs occupy a pivotal position in the horizontal
dissemination of ARGs among bacteria. Hence, it is crucial
to understand the distribution of these mobile genetic elements
in bacteria and their intricate connection with ARGs. By
comparing protein-coding genes in the gene catalog to the
MGE database established by Parninen et al. (24), we identified
900 MGEs in the gene pool (Supplementary Table 6). These
MGEs include transposon (68.67%), insertion_element (23%),
plasmid (5.22%), integron (2.67%) and transposase (0.44%)
(Figure 5F, Supplementary Table 6). Richness index (r =
0.87, p = 2.1e—13) and Shannon index (r = 0.4, p = 0.011)
showed a positive correlation between resistome and mobilome
(Figures 5C, D).

MGEs carrying ARGs are essential facilitators of HGT,
driving the evolution of MDR and enabling bacterial populations
to adapt to antibiotic-driven selective pressures. Therefore, it
is important to study the co-occurrence relationship between
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Bar plot summarizing CAZymes significantly enriched in each group.

Function and CAZymes distribution of intestinal microorganisms in laying hens. (A) The boxplots show the overall abundance of KOs across all
groups. Wilcoxon rank sum test: *p < 0.05, **p < 0.01. (B) Composition of Biological Processes in Metabolism by KEGG Annotation. (C) Number of
Genes Annotated to the Top 20 Metabolism-Related KOs. (D) Pairnwise PERMANOVA analysis of microbial functions among groups. Darker dots
represent smaller p-values, whereas larger dots indicate higher R2 values. (E) Heatmap showing the relative abundance of CAZymes
(log10-transformed RTPM) across all samples. The bar chart above displays LDA scores, highlighting CAzymes with significant group diferences. (F)

MGEs and ARGs. The Tn916 family, specifically Tn916-orf8
and Tn916-orf9, exhibits a tight association with tet(M), which
conveys tetracycline resistance, within the same contig (Figure 5E,
Supplementary Table 8). The tet(M) was significantly associated
with 12 MGEs, including 10 Tn916 genes. To explore potential
mobility of resistance genes, we analyzed the co-occurrence
of ARGs and MGEs at the contig level. MGEs located within
5 kilobases of ARGs were identified and defined as potential
mobile ARG-MGE associations. Our analysis revealed significant
co-occurrence patterns between 81 ARGs and 101 MGEs, with 233
distinct ARG-MGE linkage events detected across 382 genomic
contigs (Figure 5G, Supplementary Table 7). Genes conferring
resistance to aminoglycosides, including aac(6’)-Ie-aph(2’)-Ia,
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aph(6)-1d, aph(3’)-Ib, ant(9)-Ia, and ant(3')-1la, exhibited robust
associations with diverse MGEs. Notably, the co-occurrence of
aac(6')-le-aph(2’)-Ia and the transposase gene tnpA emerged as
the predominant linkage. Furthermore, tetracycline resistance
genes were frequently co-located with multiple transposon
families, highlighting their potential role in disseminating
resistance determinants.

Given that fragmented contigs might not precisely represent
the relationships between ARGs and MGEs, we examined their
co-abundance patterns and identified strong correlations between
244 ARGs and 255 MGEs based on their abundance (Spearman’s
correlation: r > 0.5, p < 0.05, Supplementary Table 8). This
indicates that these ARGs are likely horizontally transferred via
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different MGEs, which could explain their high prevalence and
abundance in the samples we tested.

4 Discussion

This study conducted metagenomic analysis on 40 fecal
samples from laying hens across different egg-laying stages,
establishing a comprehensive gene and genome catalog of the
fecal microbiota. We identified 3,179,723 non-redundant genes and
reconstructed 1,015 microbial genomes. Functional annotation of
the gene catalog revealed co-occurrence patterns between ARGs
and MGEs, while host-tracking analysis identified bacterial carriers
of ARGs.

The gut microbiota was predominantly composed of Bacillota,
Bacteroidota, and Actinomycetota, consistent with previous studies
(25, 26). Bacillota, the most abundant phylum across all egg-
laying stages, is associated with short-chain fatty acid metabolism,
particularly propionate and butyrate synthesis (27). During
the HPII stage, Lachnospiraceae dominated and encoded key
carbohydrate-metabolizing enzymes (28, 29) promoting rapid
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carbon utilization and reducing nutritional niches, which led to a
simplified community and decreased microbial diversity.

Abundant bacterial communities are associated with health
and production status, while lacking microbial communities
are associated with metabolic and physiological disorders (30).
Microbial diversity and richness decreased during the HPII group
but recovered in subsequent stages. The HPII period showed
reduced fecal flora diversity, despite having the highest CAZymes
abundance. This phenomenon may be related to changes in host
energy metabolism or hormone levels during this stage; however,
as these indicators were not directly measured in this study, this
interpretation remains speculative and requires further validation.
GT and GH were predominant CAZymes, with GT potentially
driving temporal microbiota changes (31).

Our results showed that during HPII, there were more
tetracycline ARGs [e.g. tet(L) and tet(M)], among which tet(40)
increased significantly over these five periods. The tet(40) gene
predominantly co-occurs with tnpA, which encodes the core
transposase essential for transposon mobility. Through the cut-
and-paste transposition mechanism, TnpA mediates the movement
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The interrelationship among the fecal microbiome, mobilome and resistome. (A, B) Spearman’s correlation analyses between the Shannon and
richness indices of the gut microbiota and resistome. (C, D) Spearman'’s correlation analyses between the mobilome and resistome based on
Shannon and richness indices. (E) Arrow diagrams display representative ARG-MGE combinations identified within contigs. (F) Pie chart showing the
relative proportion of different MGE types. (G) Network visualization of ARG-MGE co-occurrence patterns; edge thickness reflects the frequency of
detected combinations, while node colors indicate distinct resistance phenotypes or MGE types.
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of DNA elements within bacterial genomes, thereby facilitating the
horizontal transfer of functional genes, including ARGs among
different bacterial species (32). Genes encoding resistance to
tetracycline were the most common, which may be due to the
widespread use of tetracyclines as feed additives and growth
promoters (33). Although the farm owner stated that tetracycline
had not been used in the feed, it was still detected in the intestinal
samples of the laying hens in this study, possibly as a result of
tetracycline-induced selection pressure (34). The recent emergence
of plasmid-mediated tetX3 and tetX4 in animals and humans
has raised public concerns (35), highlighting the need for better
surveillance of tetX genes. In addition to participating in nutrient
metabolic processes, the chicken gut microbiota also play an
important role as a reservoir of ARGs (36).

Our results revealed the changes in the ARGs carried by gut
microbiota at different egg-laying periods. Bacillaceae, Enterococcus
and Bacilli bacterium were associated with a variety of drug-
resistant phenotypes and may play an important role in promoting
the spread of ARGs. In particular, E. coli accounted for a large
proportion of these ARG-associated contigs, indicating that it plays
a key role in harboring ARGs within the gut of laying hens.
Escherichia and Enterococcus were identified as the main hosts of
ARG through host tracking analysis (36). Although aminoglycoside
antibiotics play an important role in treating bacterial diseases,
their high abundance of ARGs may disrupt the healthy balance
of the gut microbiota. The enrichment of ARGs may have a
negative impact on beneficial microbiota, increasing the proportion
of resistant strains and thereby damaging gut health (37).

Through detailed analysis of co-occurrence and co-abundance,
we revealed the close interaction between ARGs and MGEs. The
repeated co-occurrence of tet(M) with Tn916 family elements
(Tn916-0rf13/14/15/16) suggests that tet(M) is likely disseminated
among different bacterial species via conjugative transfer mediated
by the classical conjugative transposon Tn916, thereby promoting
the widespread spread of tetracycline resistance (38). Various
MGE:s further promote the spread of antibiotic resistance between
bacteria through the HGT mechanism (39). MGEs are significantly
and positively correlated with ARGs in abundance and richness
(40). Our study found that the Tn916 family elements (Tn916-
orf8/orf9) adjacent to the tetM on the same contig. As MGEs,
Tn916 integrates into bacterial genomes and enables conjugative
transfer between hosts or intracellular transposition to new
genomic loci, contributing to widespread dissemination across
commensal and pathogenic bacteria (41). MGEs can horizontally
transfer between a diverse range of bacteria, including both
pathogens and beneficial human symbionts (42).

It is worth noting that large amounts of ARGs are stored in
the intestines of chickens. These chickens may pass on resistance
genes to other bacteria through the MGEs-mediated horizontal
gene transfer mechanism, which in turn spreads through the food
chain to humans (43). In addition, the fecal pathway may also
lead to the spread of ARGs in rivers, soil, and other environments,
posing a potential risk to human health (44, 45). The distribution
pattern and potential exposure risk of airborne ARGs, particularly
those in zoonotic pathogens, have been studied in the environments
of chicken and dairy farms (46). The baterial « diversity was
highest in bioaerosols during peak egg laying, and aminoglycosides
were the most abundant ARGs of all egg laying periods (47).
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Antibiotic-resistant bacteria in layer faces may indeed spread
through the environment, and the accelerated emergence and
environmental spread of bacteria, gaseous contaminants and ARGs
in poultry farm aerosols has become a growing challenge. To
effectively address this challenge, it’s crucial to strengthen the
monitoring of ARGs and MGEs in chicken gut, while developing
and implementing scientific livestock waste disposal strategies.
These measures will not only support the sustainable development
of animal husbandry but will also protect human health and
stability of the ecosystem (47).

This study has several limitations: the absence of negative
controls or environmental samples during DNA extraction and
sequencing, which prevents us from fully excluding the possibility
of low-level exogenous DNA contamination. Although all
procedures were conducted in a controlled laboratory environment
following standard protocols, future work incorporating more
rigorous contamination monitoring will help further strengthen
the robustness of the findings.

5 Conclusion

This study reveals dynamic shifts in gut microbiota
composition, function, and antibiotic resistance profiles across
laying hen production stages, with the high-production phase
(HPII) emerging as a critical transition period marked by reduced
microbial diversity and increased ARGs abundance. We identified
1,015 MAGs and 3.18 million non-redundant genes, highlighting
Bacillota and Lactobacillaceae as dominant taxa. Notably, 233
ARG-MGE co-occurrence events were detected, with the Tn916
family specifically associated with tetracycline resistance. These
findings underscore the need for phase-specific management
strategies to optimize gut health and mitigate resistance spread in
poultry production systems.

Data availability statement

The datasets presented in this study can be found in
online repositories. The names of the repository/repositories
number(s) can be found in the

and  accession

article/Supplementary material.

Ethics statement

The animal study was approved by Institutional Animal
Care and Use Committee of Qingdao Agricultural University
QAU-AEW-20200701001). The
in accordance with the legislation and

(Approval No. study was

conducted local

institutional requirements.

Author contributions

Y-QG: Conceptualization, Data curation, Formal analysis,
Methodology,
administration, Resources, Software, Supervision, Validation,

Funding acquisition, Investigation, Project

Visualization, Writing — original draft, Writing - review & editing.

frontiersin.org


https://doi.org/10.3389/fvets.2025.1740567
https://www.frontiersin.org/journals/veterinary-science
https://www.frontiersin.org

Gao et al.

Q-YH: Conceptualization, Data curation, Formal analysis, Funding
acquisition, Investigation, Methodology, Project administration,
Validation,
Writing - review & editing. X-WH: Conceptualization, Data

Resources, Software, Supervision, Visualization,
curation, Formal analysis, Funding acquisition, Investigation,
Methodology,

Supervision, Validation, Visualization, Writing - review &

Project administration, Resources, Software,
editing. Y-JW: Conceptualization, Data curation, Formal analysis,
Investigation, Methodology, Project administration, Resources,
Software, Supervision, Validation, Visualization, Writing - review
& editing. K-MS: Conceptualization, Data curation, Formal
analysis, Funding acquisition, Investigation, Methodology, Project
administration, Resources, Software, Supervision, Validation,
Visualization, Writing — review & editing. HM: Conceptualization,
Data curation, Formal analysis, Funding acquisition, Investigation,
Methodology,

Supervision, Validation, Visualization, Writing — review & editing.

Project administration, Resources, Software,
H-LG: Conceptualization, Data curation, Formal analysis, Funding
acquisition, Investigation, Methodology, Project administration,
Validation,

Writing - review & editing. RL: Conceptualization, Data curation,

Resources, Software, Supervision, Visualization,
Formal analysis, Funding acquisition, Investigation, Methodology,

Project administration, Resources, Software, Supervision,
Validation, Visualization, Writing - review & editing. L-HY:
Conceptualization, Data curation, Formal analysis, Funding
acquisition, Investigation, Methodology, Project administration,
Validation,

Writing - review & editing. HE: Conceptualization, Data

Resources, Software, Supervision, Visualization,
curation, Formal analysis, Funding acquisition, Investigation,
Methodology,

Supervision, Validation, Visualization, Writing - review & editing.

Project administration, Resources, Software,
H-BN: Conceptualization, Data curation, Formal analysis, Funding
acquisition, Investigation, Methodology, Project administration,
Validation,

Writing - review & editing. Y-FH: Conceptualization, Data

Resources, Software, Supervision, Visualization,
curation, Formal analysis, Funding acquisition, Investigation,
Methodology,

Supervision, Validation, Visualization, Writing - review & editing.

Project administration, Resources, Software,

Funding

The author(s) declared that financial support was received
for this work and/or its publication. This work was supported
by the Research Foundation for Distinguished Scholars of QAU
(No. 663/1120021).

Acknowledgments

The editors gratefully acknowledge the authors for their
valuable contributions, the reviewers for their thoughtful feedback,
and the Frontiers editorial team for their professional support
during the publication process.

Conflict of interest

The author(s) declared that this work was conducted
in the absence of any commercial or financial relationships

Frontiers in Veterinary Science

10

10.3389/fvets.2025.1740567

that could be construed conflict

of interest.

as a potential

Generative Al statement

The author(s) declared that generative AI was not used in the
creation of this manuscript.

Any alternative text (alt text) provided alongside figures
in this article has been generated by Frontiers with the
support of artificial intelligence and reasonable efforts have
been made to ensure accuracy, including review by the
authors wherever possible. If you identify any issues, please
contact us.

Publisher’s note

All claims expressed in this article are solely those
of the authors and do not necessarily represent those of
of the publisher,
the editors and the reviewers. Any product that may be

their affiliated organizations, or those
evaluated in this article, or claim that may be made by
its manufacturer, is not guaranteed or endorsed by the
publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fvets.2025.
1740567/full#supplementary-material

SUPPLEMENTARY FIGURE 1

Host tracking analysis of ARGs (A) Sankey diagram illustrates the relations
between taxa (phylum, family, genus, and species) and ARGs, which are
categorized by drug class and resistance mechanism. (B) A box plot shows
the amount of ARGs carried by a particular species in a fecal sample of 40
laying hens. (C) Mantel tests were utilized to analyze correlations between
microbial species with the resistome.

SUPPLEMENTARY TABLE 1
Genome information statistics for 1,015 strains.

SUPPLEMENTARY TABLE 2
LEfSe analysis for CAZymes.

SUPPLEMENTARY TABLE 3
Characteristic information of the representative ARGs.

SUPPLEMENTARY TABLE 4
The prevalence of representative ARGs.

SUPPLEMENTARY TABLE 5
Bacterial taxa are associated with drug phenotypes determined by the
Mantel test.

SUPPLEMENTARY TABLE 6
Annotation results of mobile genetic element genes in open reading frames.

SUPPLEMENTARY TABLE 7
The statistics of the type and count of ARG-MGE combinations.

SUPPLEMENTARY TABLE 8
The statistics of the co-abundance relationship between ARGs and MGEs.

frontiersin.org


https://doi.org/10.3389/fvets.2025.1740567
https://www.frontiersin.org/articles/10.3389/fvets.2025.1740567/full#supplementary-material
https://www.frontiersin.org/journals/veterinary-science
https://www.frontiersin.org

Gao et al.

References

1. Crits-Christoph A, Hallowell HA, Koutouvalis K, Suez J. Good microbes,

bad genes? The dissemination of antimicrobial resistance in the human
microbiome. Gut Microbes. (2022) 14:2055944. doi: 10.1080/19490976.2022.
2055944

2. Wang X, Zhang H, Yu S, Li D, Gillings MR, Ren H, et al. Inter-plasmid transfer
of antibiotic resistance genes accelerates antibiotic resistance in bacterial pathogens.
ISME J. (2024) 18:wrad032. doi: 10.1093/ismejo/wrad032

3. Hu X, Zhang Y, Chen Z, Gao Y, Teppen B, Boyd SA, et al. Tetracycline
accumulation in biofilms enhances the selection pressure on escherichia
coli for expression of antibiotic resistance. Sci Total Environ. (2023) 857(Pt
2):159441. doi: 10.1016/j.scitotenv.2022.159441

4. Ellabaan MMH, Munck C, Porse A, Imamovic L, Sommer MOA. Forecasting the
dissemination of antibiotic resistance genes across bacterial genomes. Nat Commun.
(2021) 12:2435. doi: 10.1038/541467-021-22757-1

5. Galhano BSP, Ferrari RG, Panzenhagen P, de Jesus ACS, Conte-Junior
CA. Antimicrobial resistance gene detection methods for bacteria in animal-
based foods: a brief review of highlights and advantages. Microorganisms. (2021)
9:923. doi: 10.3390/microorganisms9050923

6. Zhang Y, Zhang S, Yuan Y, Li Y, Zhu R, Yang Y, et al. Metagenomic
assembly reveals the circadian oscillations of the microbiome and antibiotic
resistance genes in a model of laying hens. Sci Total Environ. (2022)
836:155692. doi: 10.1016/j.scitotenv.2022.155692

7. Lee S, La TM, Lee HJ, Choi IS, Song CS, Park SY, et al. Characterization of
microbial communities in the chicken oviduct and the origin of chicken embryo gut
microbiota. Sci Rep. (2019) 9:6838. doi: 10.1038/s41598-019-43280-w

8. Ma Z, Jiang K, Wang D, Wang Z, Gu Z, Li G, et al. Comparative analysis of
hypothalamus transcriptome between laying hens with different egg-laying rates. Poult
Sci. (2021) 100:101110. doi: 10.1016/j.psj.2021.101110

9. Chen S. Ultrafast one-pass Fastq data preprocessing, quality control, and
deduplication using Fastp. Imeta. (2023) 2:e107. doi: 10.1002/imt2.107

10. Langmead B, Salzberg SL. Fast gapped-read alignment with bowtie 2. Nat
Methods. (2012) 9:357-9. doi: 10.1038/nmeth.1923

11. Li D, Liu CM, Luo R, Sadakane K, Lam TW. Megahit: an ultra-fast single-node
solution for large and complex metagenomics assembly via Succinct De Bruijn Graph.
Bioinformatics. (2015) 31:1674-6. doi: 10.1093/bioinformatics/btv033

12. Kang DD Li E, Kirton E, Thomas A, Egan R, An H, et al. Metabat 2: an adaptive
binning algorithm for robust and efficient genome reconstruction from metagenome
assemblies. Peer]. (2019) 7:€7359. doi: 10.7717/peer;j.7359

13. Parks DH, Rinke C, Chuvochina M, Chaumeil PA, Woodcroft BJ, Evans PN, et al.
Recovery of nearly 8,000 metagenome-assembled genomes substantially expands the
tree of life. Nat Microbiol. (2017) 2:1533-42. doi: 10.1038/s41564-017-0012-7

14. Chklovski A, Parks DH, Woodcroft B], Tyson GW. Checkm?2: a rapid, scalable
and accurate tool for assessing microbial genome quality using machine learning. Nat
Methods. (2023) 20:1203-12. doi: 10.1038/s41592-023-01940-w

15. Olm MR, Brown CT, Brooks B, Banfield JF. Drep: a tool for fast and accurate
genomic comparisons that enables improved genome recovery from metagenomes
through de-replication. ISME J. (2017) 11:2864-8. doi: 10.1038/isme;j.2017.126

16. Chaumeil PA, Mussig AJ, Hugenholtz P, Parks DH. GTDB-Tk: a toolkit to
classify genomes with the genome taxonomy database. Bioinformatics. (2019) 36:1925-
7. doi: 10.1093/bioinformatics/btz848

17. Parks DH, Chuvochina M, Rinke C, Mussig AJ, Chaumeil PA, Hugenholtz P.
GTDB: an ongoing census of bacterial and archaeal diversity through a phylogenetically
consistent, rank normalized and complete genome-based taxonomy. Nucleic Acids Res.
(2022) 50:D785-94. doi: 10.1093/nar/gkab776

18. Hyatt D, Chen GL, Locascio PF, Land ML, Larimer FW, Hauser LJ. Prodigal:
prokaryotic gene recognition and translation initiation site identification. BMC
Bioinformatics. (2010) 11:119. doi: 10.1186/1471-2105-11-119

19. Steinegger M, Soding J. Mmseqs2 enables sensitive protein sequence
searching for the analysis of massive data sets. Nat Biotechnol. (2017)
35:1026-8. doi: 10.1038/nbt.3988

20. Kanehisa M, Goto S. Kegg: kyoto encyclopedia of genes and genomes. Nucleic
Acids Res. (2000) 28:27-30. doi: 10.1093/nar/28.1.27

21. Drula E, Garron ML, Dogan S, Lombard V, Henrissat B, Terrapon N. The
carbohydrate-active enzyme database: functions and literature. Nucleic Acids Res.
(2022) 50:D571-7. doi: 10.1093/nar/gkab1045

22. Buchfink B, Xie C, Huson DH. Fast and sensitive protein alignment using
diamond. Nat Methods. (2015) 12:59-60. doi: 10.1038/nmeth.3176

23. 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 database. Nucleic Acids Res.
(2023) 51:D690-d9. doi: 10.1093/nar/gkac920

Frontiers in Veterinary Science

11

10.3389/fvets.2025.1740567

24. Pirndnen K, Karkman A, Hultman J, Lyra C, Bengtsson—Palme ],
Larsson DGJ, et al. Maternal gut and breast milk microbiota affect infant
gut antibiotic resistome and mobile genetic elements. Nat Commun. (2018)
9:3891. doi: 10.1038/541467-018-06393-w

25. Origliela 'V, Lopez-Zaplana A. Gut microbiota: an
dysbiosis, associated pathologies, and probiotics. Microorganisms.
13:1084. doi: 10.3390/microorganisms13051084

26. Wu L, Zhang T, Luo Z, Xiao H, Wang D, Wu C, et al. Impact of gut
microbial diversity on egg production performance in chickens. Microbiol Spectr.
(2025) 13:0192724. doi: 10.1128/spectrum.01927-24

27. Sun'Y, Zhang S, Nie Q, He H, Tan H, Geng F, et al. Gut firmicutes: relationship
with dietary fiber and role in host homeostasis. Crit Rev Food Sci Nutr. (2023)
63:12073-88. doi: 10.1080/10408398.2022.2098249

28. Tabashsum Z, Peng M, Alvarado-Martinez Z, Aditya A, Bhatti J,
Romo PB, et al. Competitive reduction of poultry-borne enteric bacterial
pathogens in chicken gut with bioactive Lactobacillus Casei. Sci Rep. (2020)
10:16259. doi: 10.1038/s41598-020-73316-5

29. Khan S, Moore RJ, Stanley D, Chousalkar KK. The gut microbiota of laying hens
and its manipulation with prebiotics and probiotics to enhance gut health and food
safety. Appl Environ Microbiol. (2020) 86:e00600-20. doi: 10.1128/ AEM.00600-20

30. Dai D, Qi GH, Wang J, Zhang HJ, Qiu K, Wu SG. Intestinal microbiota
of layer hens and its association with egg quality and safety. Poult Sci. (2022)
101:102008. doi: 10.1016/j.psj.2022.102008

31. Segura-Wang M, Grabner N, Koestelbauer A, Klose V, Ghanbari M. Genome-
resolved metagenomics of the chicken gut microbiome. Front Microbiol. (2021)
12:726923. doi: 10.3389/fmicb.2021.726923

32. Partridge SR, Kwong SM, Firth N, Jensen SO. Mobile genetic elements
associated with antimicrobial resistance. Clin Microbiol Rev. (2018) 31:e00088-
17. doi: 10.1128/CMR.00088-17

33. Granados-Chinchilla F, Rodriguez C. Tetracyclines in food and
feedingstuffs: from regulation to analytical methods, bacterial resistance,
and environmental and health implications. J Anal Methods Chem. (2017)
2017:1315497. doi: 10.1155/2017/1315497

34. Meng JX Li MH, Wang XY Li S, Zhang Y, Ni HB, et al. Temporal
variability in the diversity, function and resistome landscapes in the gut microbiome
of broilers. Ecotoxicol Environ Saf. (2025) 292:117976. doi: 10.1016/j.ecoenv.2025.
117976

35. Sun J, Chen C, Cui CY, Zhang Y, Liu X, Cui ZH, et al. Plasmid-encoded tet(X)
genes that confer high-level tigecycline resistance in escherichia coli. Nat Microbiol.
(2019) 4:1457-64. doi: 10.1038/s41564-019-0496-4

immersion in
(2025)

36. Aarestrup FM. The Livestock reservoir for antimicrobial resistance: a personal
view on changing patterns of risks, effects of interventions and the way forward.
Philos Trans R Soc Lond B Biol Sci. (2015) 370:20140085. doi: 10.1098/rstb.2014.
0085

37. Zhang L, Li H, Gao ], Gao ], Wei D, Qi Y. Identification of drug-resistant
phenotypes and resistance genes in enterococcus faecalis isolates from animal feces
originating in Xinjiang, People’s Republic of China. Can J Anim Sci. (2020) 100:674-
82. doi: 10.1139/cjas-2018-0161

38. Soge OO, Beck NK, White TM, No DB, Roberts MC. A novel transposon,

Tn6009, composed of a Tn916 element linked with a staphylococcus aureus mer
operon. J Antimicrob Chemother. (2008) 62:674-80. doi: 10.1093/jac/dkn255

39. Oladeinde A, Cook K, Lakin SM, Woyda R, Abdo Z, Looft T, et al. Horizontal
gene transfer and acquired antibiotic resistance in salmonella enterica serovar
heidelberg following in vitro incubation in broiler Ceca. Appl Environ Microbiol. (2019)
85:01903-19. doi: 10.1128/AEM.01903-19

40. Zhang Z, Zhang Q, Wang T, Xu N, Lu T, Hong W, et al. Assessment

of global health risk of antibiotic resistance genes. Nat Commun. (2022)
13:1553. doi: 10.1038/s41467-022-29283-8
41. Roberts AP, Mullany P. A modular master on the move: the
Tn916 family of mobile genetic elements. Trends Microbiol. (2009)
17:251-8. doi: 10.1016/j.tim.2009.03.002
42. Checcucci A, Trevisi P, Luise D, Modesto M, Blasioli S, Braschi I,

et al. Exploring the animal waste resistome: the spread of antimicrobial
resistance genes through the use of Livestock manure. Front Microbiol. (2020)
11:1416. doi: 10.3389/fmicb.2020.01416

43. Zheng D, Yin G, Liu M, Hou L, Yang Y, Van Boeckel TP, et al. Global
biogeography and projection of soil antibiotic resistance genes. Sci Adv. (2022)
8:eabq8015. doi: 10.1126/sciadv.abq8015

44. Zhou SY, Zhu D, Giles M, Yang XR, Daniell T, Neilson R, et al
Phyllosphere of staple crops under pig manure fertilization, a reservoir of antibiotic

resistance genes. Environ Pollut. (2019) 252(Pt A):227-35. doi: 10.1016/j.envpol.2019.
05.098

frontiersin.org


https://doi.org/10.3389/fvets.2025.1740567
https://doi.org/10.1080/19490976.2022.2055944
https://doi.org/10.1093/ismejo/wrad032
https://doi.org/10.1016/j.scitotenv.2022.159441
https://doi.org/10.1038/s41467-021-22757-1
https://doi.org/10.3390/microorganisms9050923
https://doi.org/10.1016/j.scitotenv.2022.155692
https://doi.org/10.1038/s41598-019-43280-w
https://doi.org/10.1016/j.psj.2021.101110
https://doi.org/10.1002/imt2.107
https://doi.org/10.1038/nmeth.1923
https://doi.org/10.1093/bioinformatics/btv033
https://doi.org/10.7717/peerj.7359
https://doi.org/10.1038/s41564-017-0012-7
https://doi.org/10.1038/s41592-023-01940-w
https://doi.org/10.1038/ismej.2017.126
https://doi.org/10.1093/bioinformatics/btz848
https://doi.org/10.1093/nar/gkab776
https://doi.org/10.1186/1471-2105-11-119
https://doi.org/10.1038/nbt.3988
https://doi.org/10.1093/nar/28.1.27
https://doi.org/10.1093/nar/gkab1045
https://doi.org/10.1038/nmeth.3176
https://doi.org/10.1093/nar/gkac920
https://doi.org/10.1038/s41467-018-06393-w
https://doi.org/10.3390/microorganisms13051084
https://doi.org/10.1128/spectrum.01927-24
https://doi.org/10.1080/10408398.2022.2098249
https://doi.org/10.1038/s41598-020-73316-5
https://doi.org/10.1128/AEM.00600-20
https://doi.org/10.1016/j.psj.2022.102008
https://doi.org/10.3389/fmicb.2021.726923
https://doi.org/10.1128/CMR.00088-17
https://doi.org/10.1155/2017/1315497
https://doi.org/10.1016/j.ecoenv.2025.117976
https://doi.org/10.1038/s41564-019-0496-4
https://doi.org/10.1098/rstb.2014.0085
https://doi.org/10.1139/cjas-2018-0161
https://doi.org/10.1093/jac/dkn255
https://doi.org/10.1128/AEM.01903-19
https://doi.org/10.1038/s41467-022-29283-8
https://doi.org/10.1016/j.tim.2009.03.002
https://doi.org/10.3389/fmicb.2020.01416
https://doi.org/10.1126/sciadv.abq8015
https://doi.org/10.1016/j.envpol.2019.05.098
https://www.frontiersin.org/journals/veterinary-science
https://www.frontiersin.org

Gao et al.

45. Manaia CM. Assessing the risk of antibiotic resistance transmission
from the environment to humans: non-direct proportionality between
abundance and risk. Trends Microbiol. (2017) 25:173-81. doi: 10.1016/j.tim.2016.
11.014

46. Bai H, He LY, Wu DL, Gao FZ, Zhang M, Zou HY, et al. Spread of
airborne antibiotic resistance from animal farms to the environment: dispersal

Frontiers in Veterinary Science

12

10.3389/fvets.2025.1740567

pattern and exposure risk. Environ Int. (2022) 158:106927. doi: 10.1016/j.envint.2021.
106927

47. Cui H, Zhang C, Zhao K, Liu ], Pu J, Kong Y, et al. Effects of different
laying periods on airborne bacterial diversity and antibiotic resistance genes in layer
hen houses. Int ] Hyg Environ Health. (2023) 251:114173. doi: 10.1016/j.ijheh.2023.
114173

frontiersin.org


https://doi.org/10.3389/fvets.2025.1740567
https://doi.org/10.1016/j.tim.2016.11.014
https://doi.org/10.1016/j.envint.2021.106927
https://doi.org/10.1016/j.ijheh.2023.114173
https://www.frontiersin.org/journals/veterinary-science
https://www.frontiersin.org

	Metagenomics-based characterization of fecal microbiome and resistome of laying hens during the production cycle
	1 Introduction
	2 Materials and methods
	2.1 Collection of samples
	2.2 DNA extraction, sequencing and data processing
	2.3 Gene prediction and functional analysis
	2.4 ARGs and MGEs prediction
	2.5 Statistical analysis and visualization

	3 Results
	3.1 Characterization of genomes and genes of samples
	3.2 Composition of fecal microbiota of laying hens at different laying periods
	3.3 ARGs in the fecal microbiota of laying hens
	3.4 Exploring the interrelationship among the fecal microbiome, mobilome, and resistome

	4 Discussion
	5 Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Generative AI statement
	Publisher's note
	Supplementary material
	References




