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ABSTRACT

Chicken is an important food animal worldwide and plays an important role in human life by providing meat
and eggs. Despite recent significant advances in gut microbiome studies, a comprehensive study of chicken gut
bacterial, archaeal, and viral genomes remains unavailable. In this study, we constructed a chicken multi-
kingdom microbiome catalog (CMKMC), including 18,201 bacterial, 225 archaeal, and 33,411 viral genomes,
and annotated over 6,076,006 protein-coding genes by integrating 135 chicken gut metagenomes and publicly
available metagenome-assembled genomes (MAGs) from ten countries. We found that 812 and 240 MAGs in
our dataset were putative novel species and genera, respectively, far beyond what was previously reported.
The newly unclassified MAGs were predominant in Phyla Firmicutes A (n = 263), followed by Firmicutes
(n = 126), Bacteroidota (n = 121), and Proteobacteria (n = 87). Most of the classified species-level viral oper-
ational taxonomic units belong to Caudovirales. Approximately, 63.24 % of chicken gut viromes are predicted
to infect two or more hosts, including complete circular viruses. Moreover, we found that diverse auxiliary
metabolic genes and antibiotic resistance genes were carried by viruses. Together, our CMKMC provides the
largest integrated MAGs and viral genomes from the chicken gut to date, functional insights into the chicken
gastrointestinal tract microbiota, and paves the way for microbial interventions for better chicken health and
productivity.

© 2024 Chinese Medical Association Publishing House. Published by Elsevier BV. This is an open access article

under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Domestic chicken (Gallus gallus) is an economically important food
animal worldwide and plays an integral role in human life by provid-
ing meat and eggs. According to the Food and Agriculture Organiza-
tion of the United Nations, there are more than 1,600 different
chicken breeds globally, and Asia ranks among the highest, accounting
for approximately 46 % of total breeds (https://www.fao.org/poultry-
production-products/en/). There are approximately 25.8 billion living
chickens worldwide, and China accounts for more than 5.1 billion of
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them (https://www.statista.com/statistics/263961/top-countries-
worldwide-by-chicken-stock-2007/). Unsurprisingly, China exceeded
the global average for the percentage of chickens raised in hotspots
of resistance, and India represented the largest hotspots of resistance
[1].

The gastrointestinal tract of chickens harbors trillions of bacteria
[2] that play vital roles in chicken health, including host metabolism,
immunity, nutrition, and productivity [3,4]. Previous studies have
focused on metabolism [5], growth-promoting therapeutics [6,7],
immunity [8,9], gut microbiota changes [10-13], host genetics, feed
efficiency [14,15], and diversity and abundance of antibiotic resis-
tance genes (ARGs) [16-18] in chicken gut microbiota. The chicken
gut harbors a diverse multi-kingdom ecosystem comprising bacteria,
archaea, and viruses. However, regardless of their abundance, they
remain poorly understood.

Metagenomic sequencing of gastrointestinal tract samples com-
bined with the reconstruction of metagenome-assembled genomes
(MAGs) enabled us to quickly obtain these unexplored microbiomes

2590-0536/© 2024 Chinese Medical Association Publishing House. Published by Elsevier BV.
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HIGHLIGHTS

Scientific question

Globally, significant advances in chicken gut microbiome
studies have been made; however, a comprehensive study
on chicken gut bacterial, archaeal, and viral genomes
remains unavailable.

Evidence before this study

Previous studies explored the diversity and abundance of
antimicrobial resistance genes in the chicken gut
microbiome using metagenomics and state-of-the-art
bioinformatics tools. Previous studies constructed an
integrated gene catalog and metagenome-assembled
genomes (MAGs) using publicly available metagenome
data.

New findings

The study provides the chicken gut multi-kingdom micro-
biome catalog (CMKMC), including 18,201 bacterial and
225 archaeal MAGs and 33,411 viral genomes. The study
found that 812 and 240 MAGs in the dataset were putative
novel species and genera, respectively. Most of the classi-
fied species-level viral operational taxonomic units belong
to Caudovirales, and diverse auxiliary metabolic and antibi-
otic resistance genes are carried by viruses.

Significance of the study

This study provides the most comprehensive multi-
kingdom microbiome catalog of the chicken gastrointesti-
nal tract to date, including the largest integrated bacterial
and archaeal MAGs and viral genomes from the chicken
gut. These results and genomes will be useful as a new ref-
erence genome resource and provide new insights into the
chicken gut microbiome.

and reveal functional interactions between the microbial ecology and
gut microbial niches of interest [19]. This strategy has been recently
used to reconstruct MAGs from cattle rumen [20-22], human
[23-27], chicken [28-32], pig [33,34], goat [35,36], ruminants
[371, buffalo [38], horse [39], wild animals [40], caprinae [41], pan-
das [42], glacier [43], ocean [44], soil [45], diverse habitats of Earth
[46,47], and environmental and non-human gastrointestinal samples
[48]. For chickens, an integrated gene catalog comprising approxi-
mately 16.6 million genes and microbial genomes comprising 12,339
MAGs has also been constructed using 24 chicken cecal content sam-
ples from the United Kingdom [28], 495 chicken intestinal digest sam-
ples from 7 farms in China [11], 102 chicken samples from 18 live
poultry markets (LPMs) in China [49], and 178 broiler farms in 9 Euro-
pean countries [18]. These resources provide an overview of the
chicken gut microbiome landscape; however, with increased explo-
ration of the chicken gut microbiome and a better understanding of
its structure and function, the size and quality of reference MAGs
urgently need expansion and integration.

Recent bioinformatics tools specific for viral identification (e.g.,
VirSorter2 [50], CheckV [51], and VIBRANT [52]) and classification
analysis (e.g., vConTACT2 [53] and GeNomad [54]) significantly facil-
itate viral identification and taxonomy from metagenomic sequences.
Using metagenomic sequencing methods and the above bioinformatics
tools, recent virus-focused studies have identified diverse viruses and
generated numerous viral genome catalogs and databases for several
ecosystems, including the goat gastrointestinal tract [36], ocean

viruses [55], human gut [56-60], rumen [61], soil [62], and activated
sludge [63]. Yan et al. (2023) [61] identified 397,180 species-level
viral operational taxonomic units (vOTUs) from 975 rumen metagen-
omes in 13 ruminant species across 8 countries on 5 continents and
created a global rumen virome database. They identified the rumen
viromes for diversity, function, and virus-host linkages, identified
numerous auxiliary metabolic genes (AMGs), and elucidated the eco-
logical influence of phages. However, no similar study on chicken
gut or chicken gut-specific virome database exists.

A comprehensive genomic catalog of uncultivated microbiota,
including bacteria, archaea, and viruses, is useful for studying gut
microbiome although the corresponding microbial entities of MAGs
and phages require further confirmation using culture-based methods.
However, despite a few studies on the chicken gut microbiome (MAGs
and/or gene catalog), systematic exploration of the microbial ecology,
including bacteria, archaea, and viruses, with several chickens remains
unavailable, severely limiting the deep mining and use of metage-
nomic data. Motivated by comprehensive virome and MAG studies,
we assessed chicken gut multi-kingdom microbial genomes (bacterial,
archaeal, and viral) by analyzing 135 metagenomes from 1,215 fecal
samples from diverse breeds, both indoor feeding and free-range graz-
ing, across 8 Chinese provinces. We reconstructed 5,974 bacterial and
118 archaeal MAGs and built a chicken MAG catalog using the newly
assembled genomes and 12,339 MAGs generated in a previous study
[31]. We found that 26.44 % (812/3,071) of the MAGs were candidate
novel species under the threshold of 95 % average nucleotide identity
(ANI) with public genomic datasets, indicating the novelty of our data-
sets. We developed a systematically cataloged chicken virome data-
base containing approximately 33,411 species-level vOTUs and
annotated 6,076,006 protein-coding genes in the MAGs and virus gen-
omes. Furthermore, we explored the diversity of ARGs, plasmids, and
virulence factors carried by MAGs, predicted hosts likely susceptible to
the identified viruses, and inferred the potential ecological roles of
chicken gut viruses from AMGs and ARGs carried by the chicken gut
viral genomes. Altogether, we have filled the gap in chicken gut micro-
bial ecology research by providing a chicken multi-kingdom micro-
biome catalog, including bacterial, archaeal, and viral genomes and
encoding proteins. We believe that these data will be useful as refer-
ence genome resources and provide new insights into chicken gut
microbiome.

2. Materials and methods

2.1. Sample collection, deoxyribonucleic acid (DNA) extraction, library
construction, and metagenomic sequencing

A total of 1,215 chicken fecal samples were collected from 21 broi-
ler farms and 22 LPMs across 8 Chinese provinces; all details regarding
sample collection were described in our previous study [17]. Total
DNA from chicken fecal samples was extracted using the DNeasy
PowerSoil Pro Kit (47,016, Qiagen) following the manufacturer’s
instructions. A total of 135 libraries (nine DNA from the same location
were mixed) were then built using the KAPA Hyper Prep Kit and shot-
gun sequenced using the Illumina NovaSeq 6,000 platform.

2.2. Quality control and assembly

Raw sequence reads were filtered to remove residual adapter and
low-quality sequences using Trimmomatic v0.39 (https://github.-
com/usadellab/Trimmomatic) [64] and reads mapped to the chicken
genome (National Center of Biotechnology Information [NCBI] Gen-
ome ID: GRCg6a; GCF_000002315.6) wusing Bowtie2 v2.3.4
(https://sourceforge.net/projects/bowtie-bio/files/bowtie2/2.3.0/)
[65]. The remaining high-quality paired clean reads were then used
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for further analyses. All clean reads were assembled using MEGAHIT
v1.2.9 (https://github.com/voutcn/megahit) for each sample [66].

2.3. Recovery and quality assessment of microbial MAGs

For metagenomic binning analysis of 135 metagenome data, three
different binning tools with default options of MetaBAT2 v.2.12.1,
Maxbin2 v2.2.4, and Concoct v.0.4.0 in the metaWRAP v1.3.2
(https://github.com/bxlab/metaWRAP) pipeline [67] were used.
MAGs were refined using the bin_refinement module of metaWRAP
[67] to improve the bins generated using the three binning tools.
The output bins are simply a set of DNA sequence files containing puta-
tive genomes. CheckM v1.2.2 (https://github.com/Ecogenomics/
CheckM) was used to assess the completeness and contamination of
each bin [68]. According to the quality evaluation criteria of CheckM
v1.2.2 [68], metagenomic bins with contamination of > 10 % or com-
pleteness of < 50 % were not considered. Medium- and high-quality
bins were selected as acceptable MAGs (6,087), according to previous
reports [22-24,33,37,48]. They included 1,587 high-quality bins
(completeness of > 90 % and contamination of < 5 %) and 4,500
medium-quality bins (completeness of > 50 % and contamination
of < 10 %). The remaining were low-quality bins. The mapped reads
were reassembled using the reassemble_bin module of the metaWRAP
pipeline [67].

2.4. Species-level clustering and dereplication of the MAGs

To dereplicate the MAG collection, dRep v3.4.2 (https://github.-
com/MrOlm/drep) was used for the dereplication workflow at the
threshold of 99 % ANI (the strain level) and 95 % ANI (the species-
level) [69]. The 6,087 genomes were dereplicated into 1,834 nonre-
dundant MAGs. To reveal the novelty of the chicken multikingdom
microbiome catalog (CMKMC) bacterial and archaeal MAGs, fastANI
v1.1 was used to calculate the ANI between the MAGs generated in this
study and the 12,339 MAGs in the previous study [31]. Different ANI
thresholds (including 95 % and 99 %) were used in this study. Then,
18,426 MAGs were dereplicated into 3,071 nonredundant MAGs,
including 3,500 bacterial and 21 archaeal MAGs.

2.5. Taxonomic assignments and phylogenetic analysis of the MAGs

The Genome Taxonomy Database Toolkit (GTDB-Tk v.1.4.1,
https://gtdb.ecogenomic.org/) was used to assign taxonomy to the
MAGs [70]. MAGs were defined as novel species if the ANI value
was < 95 % ANI. MAGs were defined as novel genera if all MAGs clus-
tered at 60 % amino acid identity (AAI) were not assigned a Genus by
GTDB-Tk [70]. Average AAI values were calculated using CompareM
v0.1.2 (https://github.com/dparks1134/CompareM). Phylogenetic
trees were reconstructed using PhyloPhlAn v3.0.60 (https://github.-
com/biobakery/phylophlan) [71].

2.6. Identification and quality evaluation of viral genomes

Prokaryotic viral genomes were identified using a bioinformatics
pipeline similar to that used by Camarillo-Guerrero et al. (2021)
[56], Cao et al. (2023) [36], and Yan et al. (2023) [61]. First, viral con-
tigs were identified following the viral sequence identification stan-
dard operating procedure (SOP) (https://doi.org/10.17504/
protocols.io.bwm5pc86). Contigs of > 5 kb in length were used to
identify viral sequences using VirSorter2 v2.2.4 (https://bitbucket.
org/MAVERICLab/virsorter2) [50] with the options ‘~includegroups
“dsDNAphage, ssDNA”-min-score 0.8'. Contigs that passed the verifi-
cation procedure were input to CheckV v1.0.1 (https://bitbucket.
org/berkeleylab/checkv/src/master/) [51] to trim off host sequences
flanking prophages. We then ran the CheckV-trimmed sequences

through VirSorter2 again to generate “affi-contigs.tab” files. A total
of 59,911 putative viral genomes of > 5 kb in length were identified.
The viral sequences were clustered into vOTUs according to 95 % ANI
and 85 % alignment fraction of the shorter sequences [49]. The resul-
tant 35,404 vOTUs were further verified using VIBRANT v1.2.1
(https://github.com/AnantharamanLab/VIBRANT, option: --virome)
[52]. For conservation, only the vOTUs identified using VirSorter2
v2.2.4, CheckV v1.0.1, and VIBRANT v1.2.1 (33,411) were used to
build the chicken virome database and retained for taxonomic annota-
tion and host prediction. VirSorter2, CheckV, and VIBRANT were used
for viral identification because they are the most recent bioinformatic
tools with the best performance, as recently reported [61]. All pre-
dicted viral genomes from eukaryotic viruses and no genes displaying
the best hit (Blast) to prokaryotic viruses were removed [72]. vOTU
completeness was estimated using CheckV v0.8.1 [51] and VIBRANT
v1.2.1 [52].

2.7. Taxonomic classification and host and lifestyle prediction of vOTUs

First, open reading frames (ORFs) of all identified candidate viral
genomes were predicted using Prodigal v2.6.3 (https://github.com/
hyattpd/Prodigal) [73]. We then used vConTACT2 (https://bit-
bucket.org/MAVERICLab/vcontact2/src/master/) [53] to assign
vOTUs to genus level viral taxa based on the gene-sharing network.
The vOTUs were clustered with the reference genome of a viral genus
that was assigned to the genus according to the vConTACT2 pipeline.
In addition, we used GeNomad for the taxonomic classification (de-
fault parameters) of each vOTU. The probable hosts of the chicken
gut viruses were predicted using iPHoP v1.3.3 (https://bitbucket.
org/srouxjgi/iphop/src/main/, --min_score 90) [54], which integrated
host-based (Blast, CRISPR, VirHostMatcher, WIsH, and PHP) and
phage-based methods (RaFAH) to reliably predict host taxonomy at
the genera level for various viruses infecting bacteria and archaea.
VIBRANT v1.2.1 [52] was used to predict the lifestyles of the CMKMC
viruses. According to the VIBRANT prediction, the virus types were
classified as either lysogenic or lytic.

2.8. Functional analyses of MAGs and viral genomes

The virulent amino acid sequences were identified against the vir-
ulence factor database (VFDB) [74] using ABRicate v0.9.7 (https://
github.com/tseemann/abricate/). Plasmid types were identified using
PlasmidFinder v2.0.1 (https://github.com/keri-tz/plasmidfinder)
[75]. The resistance mechanisms and antimicrobial classes of potential
ARGs were further annotated by running RGI v6.0.3 (https://github.-
com/arpcard/rgi) [76] against the CARD database. Acquired ARGs
were predicted using ResFinder v4.0 (https://bitbucket.org/genomi-
cepidemiology/resfinder/src/master/) [77]. MAGs were also function-
ally annotated using the Distilled and Refined Annotation of
Metabolism (DRAM, https://github.com/shafferm/DRAM) [78]. Gen-
ome annotation of MAGs (including the prediction of protein-coding
regions, t-ribonucleic acid [tRNA], and rRNA) was performed using
Prokka [79] with the annotate_bins module of the metaWRAP pipeline
[67].

2.9. Identification of ARGs and AMGs carried by viruses

The viral sequences were searched for ARGs using strict criteria.
The CARD database (v3.2.5) was downloaded and searched for candi-
date ARGs carried by the viral genomes of CMKMC with a threshold of
90 % sequence identity and a strict and perfect cutoff. Acquired ARGs
in the CMKMC virome were also searched for using the ResFinder 4.0
database [77], which was validated with datasets of MIC values and
WGS data. A total of 153 ARG-carrying viral contigs were found.
VIBRANT v1.2.1 [52] and DRAMv [78] were used to identify vAMGs
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microbiome catalog; MAGs, metagenome-assembled genomes; SGBs, species-level genome bins; ANI, average nucleotide identity; VFs, virulence factors; VFDB,
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from viral genomes. VIBRANT v1.2.1 [52] was used to predict the life-
styles of the CMKMC viruses. According to the VIBRANT results, the
virus type was classified as either lysogenic or lytic. Virus quality
was classified as complete circular, high-quality draft, medium-
quality draft, or low-quality draft. Then, detailed classifications of
the genes from carbohydrate-active enzyme (CAZyme, http://
www.cazy.org/), protein family (Pfam, http://pfam.xfam.org/), and
virus orthologous group (VOG, https://vogdb.org/) databases were
obtained.

2.10. Statistical analyses and visualization

The phylogenetic trees of MAGs were visualized using iTOL v6.1.1
(https://itol.embl.de/) [80]. Multiple comparison tests, including the
Kruskal-Wallis and Mann-Whitney U tests, were performed using
GraphPad Prism v9.0. Statistical significance was considered at
P < 0.05. Stack columns and bar charts were created using GraphPad
Prism v9.0. Figures were generated using the ImageGP platform
(http://www.ehbio.com/ImageGP/) [81].

3. Results
3.1. Construction of the chicken multi-kingdom microbiome catalog

To provide a comprehensive overview of the microorganisms asso-
ciated with the gastrointestinal tract of chicken, 1,215 fecal samples
from 21 broiler farms and 22 LPMs, across eight geographical locations
(Guangxi Zhuang Autonomous Region, Guangdong, Hunan, Zhejiang,
Jiangsu, Anhui, Henan, and Shandong Provinces of China), involving
14 chicken breeds and two feeding styles (free-range and battery-
cage) were collected (Fig. 1A and Supplementary Table 1). After
removing adapter sequences, low-quality sequences, and the chicken
host genomes (GRCg6a), high-quality clean reads were assembled
and the contigs/scaffolds were binned into 6,087 bins (also known
as MAGs) using three binning approaches with the default options of
MetaBAT2, Maxbin2, and Concoct in the metaWRAP pipeline [67].
Detailed information on completeness, contamination, genome size,
contig numbers, N50, and GC content is summarized in Supplementary
Table 2. We then removed redundancy at a 95 % ANI threshold
screened for completeness of > 50 % or contamination of < 10 %,
and 1,833 MAGs were obtained. They were classified using GTDB-
Tk, and 5,974 bacterial and 118 archaeal MAGs were identified (Sup-
plementary Table 3). Among these, approximately 26.1 % (1,586)
were of high quality (with the cutoff: completeness > 90 % and
contamination < 5 %) according to the criteria used in a previous
study [36]. At ANI thresholds of 95 %, 61.31 % of the CMKMC bacte-
rial/archaeal MAGs were novel candidate species. The novelty of the
newly generated chicken MAGs was then analyzed by comparing them
with the 12,339 MAGs from 799 chicken gut metagenomes reported
previously [31] and annotated using GTDB-Tk [70] and dRep [69].
Among these, 7,383 and 134 high-quality bacterial and archaeal
MAGS, respectively, were identified. At ANI thresholds of 95 %,
3,071 nonredundant MAGs were obtained, including 3,050 and 21
bacterial and archaeal MAGs, respectively (Fig. 1B & C and Supple-
mentary Table 4). Notably, 812 species-level MAGs (74.63 % of
1,088) were novel putative species (i.e., their ANI was below the cutoff
value with sequences in any of the public databases and the 12,339
MAGs), and 240 genera were candidate novel genera distributed in
42 families and 13 phyla (Supplementary Table 5). Therefore, we
referred to the 18,201 bacterial and 225 archaeal MAGs as the chicken
MAG catalog.

In addition, 59,911 candidate viral genomes (mostly bacterio-
phages) with a minimal length of 5 kb were identified using state-of-
the-art bioinformatics methods (Fig. 1A) and were clustered into
35,404 nonredundant vOTU at an ANI of 95 %. VIBRANT was used

to verify the reliability of these viral genomes, and a chicken virome
database representing 33,411 vOTUs was constructed (Fig. 1D and
Supplementary Table 6). Among these, 3.01 % were of high-quality
and 0.28 % were of complete circular genomes (Fig. 1D and Supple-
mentary Table 7).

Altogether, we built a CMKMC catalog (Fig. 1E), including 18,201
bacterial and 225 archaeal MAGs and 33,411 viral genomes that better
represent the chicken gut microbiome while containing a large propor-
tion of novel candidate genomes.

3.2. Taxonomic annotation of the CMKMC genomes

First, we annotated the classifications of these MAGs in the CMKMC
using GTDB-Tk [70]. The 18,426 MAGs were classified into bacterial
(n = 18,201) and archaeal (n = 225) kingdoms, and most were clas-
sified into known taxonomy at the phylum, class, order, family, and
genus levels (Fig. 2A). A total of 11,885, 3,304, 403, and 13 species-
level genome bins (SGBs) could not be classified into known taxonomy
at the species, genera, families, and order levels (Fig. 2A). Notably, at
the species-level, only 3,732/6,087 MAGs (61.31 %) were classified
into known species, indicating that many MAGs were previously
unknown (i.e., excluded from the GTDB database). At the phylum
level, the bacterial MAGs were predominated by Firmicutes A
(n = 7,067) and Firmicutes (n = 3,448), followed by Bacteroidota
(n = 2,998), Actinobacteriota (n = 1,347), and Proteobacteria
(n = 1,181) (Fig. 2B). The newly generated bacterial SGBs were pre-
dominated by Firmicutes, Firmicutes A, and Bacteroidota, whereas the
percentage of new species at each phylum level was inconsistent
(Fig. 2C - E), greatly expanding our understanding of unknown species.
All Firmicutes A members belonged to the class Clostridia, which com-
prises the orders Oscillospirales (n = 2,780), Lachnospirales
(n = 2,419), 4C28d-15 (n = 1,140), Christensenellales (n = 336), Pep-
tostreptococcales (n = 232), Clostridiales (n = 81), TANB77 (n = 45),
Monoglobales (n = 18), Tissierellales (n = 9), UBA1212 (n = 6), and
Eubacteriales (n = 1). All Bacteroidota members belonged to the class
Bacilli, which included the orders Lactobacillales (n = 2,518), Erysipe-
lotrichales (n = 310), Staphylococcales (n = 226), RF39 (n = 142),
Mycoplasmatales (n = 97), RFN20 (n = 78), Haloplasmatales
(n = 28), Bacillales. A (n = 17), Bacillales (n = 16), Acholeplasmatales
(n = 9), Exiguobacterales (n = 6), and one unknown order. All Bac-
teroidota members belonged to the class Bacteroidia, which included
the orders Bacteroidales (n = 2,885), Flavobacteriales (n = 77), Sphin-
gobacteriales (n = 34), Chitinophagales (n = 1), and Cytophagales
(n = 1). At the species-level, bacterial SGBs were dominated by Escher-
ichia flexneri (n = 204) and Lactobacillus B salivarius (n = 203), fol-
lowed by Lactobacillus H ingluviei (n = 183), Lactobacillus H vaginalis
(n = 171), and Corynebacterium stationis (n = 165).

All archaeal MAGs produced methane belonging to the phyla
Halobacterota (n = 102), Euryarchaeota (n = 78), and Thermoplasma-
tota (n = 45). At the species-level, 80 previously unknown SGBs
(uSGBs) were newly generated, accounting for 35.56 % of the total
archaeal MAGs. Among these, 57, 20, and 3 uSGBs were classified into
Halobacterota, Thermoplasmatota, and Euryarchaeota. These data imply
that Halobacterota and Thermoplasmatota have higher strain diversity
in the chicken gut than Euryarchaeota. At the genus level, the number
of Methanocorpusculum MAGs (n = 102) was higher than that of any of
the other four genera (Supplementary Fig. 1), inconsistent with the
prevailing notion of Methanobrevibacter in ruminant animals [36].
Overall, these results demonstrate that our CMKMC MAGs significantly
expand the public database with functionally important microbial
communities.

Next, we annotated these viral genomes in the CMKMC using the
GeNomad tool, which classifies a marker gene taxonomy. We assigned
91.76 % of the classified DNA vOTUs to known taxonomical clades
(Fig. 3A and Supplementary Table 8) and 30,658 and 30,657 vOTUs
to known phylum and class levels (Fig. 3B & C). Next, 30,525 viral
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clusters (VCs) were assigned to the class Caudoviricetes (i.e., tailed
dsDNA bacteriophages), followed by Malgrandaviricetes (n = 101),
Arfiviricetes (n = 8), Faserviricetes (n = 8), Tectiliviricetes (n = 8),
and Megaviricetes (n = 7) (Fig. 3C). We also classified the CMKMC
viral genomes by clustering network analysis using vConTACT2. Of
the 33,411 vOTUs, 19,503 (approximately 41.1 %) were clustered,
resulting in 4,895 VCs (Supplementary Table 9). Among them, only
2,613 vOTUs could be classified by linking viral proteins to existing
viruses in the NCBI RefSeq database, generating 446 VCs. We classified
1,636 vOTUs as belonging to known genera and 2,084 as belonging to
known families. Most of the genera- and families- assignable vOTUs
(90.45 %) are classified into Siphoviridae, Myoviridae, or Podoviridae
in the order Caudovirales, which are also the most abundant viral fam-
ilies in the human gut and rumen virome [61]. The remaining vOTUs
(8.24 %) could not be classified into any existing genera or families;
thus, they represent novel clades. In summary, these findings represent
the high diversity of both bacterial and archaeal MAGs and DNA viral
communities in the chicken gut microbiome, with an unexpectedly
high richness of new microbial genomes.

3.3. Functional annotation of the CMKMC genomes

We further annotated the CMKMC genomes with the DRAM, VFDB,
PlasmidFinder, and CARD/ResFinder databases to reveal CAZymes,
virulence genes, plasmid patterns, and antimicrobial resistance
(AMR) profiles in the chicken gut microbiome. A total of 21,765 clas-
sified ARGs were found in the CMKMC genomes. The most widely dis-
tributed ARGs were aminoglycoside (n = 3,209) and fluoroquinolone
(n = 3,023), followed by tetracycline (n = 2,217), peptide
(n = 1,259), and beta-lactam (n = 2,740) (Fig. 4A and Supplementary
Table 10). The top 10 AMR gene families accounted for 71.11 % of the
total AMR (Fig. 4B). The common ARGs in these MAGs were acrD
(n = 295), acrB (n = 290), and Inu(C) (n = 288). These ARGs
belonged to two major resistance mechanisms: antibiotic efflux and
inactivation (Fig. 4C). Of the antibiotics inactivated, 49.07 % were
beta-lactamase, and OXA beta-lactamase (n = 388), EC beta-
lactamase (n = 189), and TEM beta-lactamase (n = 173) were more
abundant than the others (Fig. 4D).

Plasmid typing results showed that 124 types (a total of 1,696) of
plasmids were present in 649 MAGs (3.52 % of the total). The top five
plasmid types in the CMKMC genomes were Col(pHAD28), Col
(MG828), ColRNAL p0111, and IncFIB (AP001918) (Fig. 4E and Sup-
plementary Table 11), inconsistent with a previous study [31]. The
common virulence factor (VF) genes carried by MAGs in the chicken
gut were tssH-5/clpV, algl, cheY, clpP, and algW (Fig. 4F). Importantly,
45.15 % and 34.88 % of them (MAGs carried plasmid and VF) were
newly generated. Many ARGs and VFs were detected by uSGBs
(Fig. 4G), thereby enlarging our insight into functionally important
microbial taxa. Plasmid and VF profiles are highly associated with hor-
izontal gene transfer and in-depth and precise mining of mobile
genetic elements (MGEs) in metagenomes is required.

A total of 5,431,553 protein-coding genes were annotated from the
CMKMC genomes. We annotated 48.47 % (Supplementary Fig. 2) and
3.08 % of these genes according to the Kyoto Encyclopedia of Genes
and Genomes (KEGG) and CAZyme databases, respectively. Notably,
half of these genes were not annotated to known functions by either
database, indicating that they may code for new functions. A total of
167,547 CAZyme-encoding sequences were annotated in the CMKMC
genomes, corresponding to eight classes (409 CAZyme subclasses)
(Fig. 4H & I and Supplementary Table 12). The glycoside hydrolase
(GH) class was the most dominant in the CMKMC genomes, followed
by glycosyltransferase (GT), carbohydrate esterase (CE), and
carbohydrate-binding module (CBM). CAZymes from the GH and GT
classes were the most predominant in the CMKMC genomes, with
GT2_Glycos_transf 2 and GT4 displaying the highest richness among

chickens (Fig. 4I). These results may help us better understand the dif-
ferences in carbohydrate metabolism in the chicken gut microbiota.

3.4. Host prediction of the CMKMC virome

Host prediction is important for understanding the potential role of
DNA viruses (phages) in the chicken gut ecosystem. Thus, we pre-
dicted these hosts for the CMKMC viruses using six different methods,
including Blast, CRISPR, VirHostMatcher, WIsH, PHP, and RaFAH, in
iPHop [54]. In total, 88.89 % of the 33,411 genomes were putative
lytic viruses (virulent or uncertain virulent), and the remaining were
lysogenic viruses (Fig. 5A). Overall, 4,872 of the 13,256 viruses with
predicted hosts (36.75 %) were classified as specialist, and the remain-
ing viruses (n = 8,384) were classified as generalists (Fig. 5B & C and
Supplementary Table 13 & 14). By predicting the putative hosts of the
identified chicken gut viruses, we identified 75 archaeophages and
16,505 bacteriophages (Fig. 5D). These viruses were predicted to
infect 28 phyla, 45 classes, 103 orders, 204 families, and 754 genera
(Supplementary Fig. 3). Surprisingly, a large proportion of phages
were predicted to infect multiple host genomes. The number of phages
per host genome varied, with most of the hosts belonging to Firmicutes
(Fig. 5E), whereas most of the Proteobacteria hosts had more than one
phage per host genome. The archaeaphages were predicted to infect
17 known and 4 unknown genera of archaeaphages, and the bacterio-
phages could infect 737 known and 52 unknown genera of bacteria
(Fig. 5F).

3.5. Analysis of viral auxiliary metabolic genes (vAMGs) and virus carried
ARGs

Among the 33,411 viral contigs, 644,453 ORFs were identified and
annotated by 12.38 %, 21.64%, and 37.30 % of them according to the
KEGG, Pfam, and VOG databases, respectively (Fig. 6A). To explore the
mechanisms of chicken gut virus interaction between viruses and their
hosts and their effect on biochemical cycles, vAMGs were predicted.
By searching the viral contigs (4,602), we found 3,344 viral genomes
carrying more than one AMG (Supplementary Table 15). The most
prevalent AMG was found in 891 of these genomes, encoding DNMT1,
a DNA (cytosine-5)-methyltransferase 1 that protects phages from the
host’s antiviral restriction-modification systems (Fig. 6B and Supple-
mentary Table 16). The second most prevalent AMG cysH was found
in 454 genomes, encoding phosphoadenosine phosphosulfate reduc-
tase (a key enzyme in the assimilatory sulfate reduction pathway).
These AMGs encode enzymes representing twelve metabolism cate-
gories involved in various metabolic processes, including the metabo-
lism of carbohydrates, vitamins, nitrogen, and nucleotides. Among
them, chicken gut phages tended to encode AMGs for the metabolism
of cofactors and vitamins (32.05 %), amino acid metabolism
(24.07 %), energy metabolism (13.79 %), and carbohydrate metabo-
lism (10.21 %) (Fig. 6C). To explore the impact of viruses on gut
microbiome biochemical cycling, the vVAMG pathways were examined
and summarized. A total of 1,147 vAMGs were classified as cysteine
and methionine metabolism genes based on the KEGG database. For
sulfur metabolism, 733 vAMGs were identified (Fig. 6D). Of these
AMG-carrying vAMGs, we annotated 932 C-5 cytosine-specific DNA
methylases. By providing diverse and unique AMGs, chicken gut
viruses may play an important role in nutrient acquisition via their
hosts or metabolic pathways.

Among the 33,411 viral contigs, 153 carried ARGs, indicating that
ARGs are uncommon among chicken gut phage genomes. Several
major ARG classes were identified, including macrolide, beta-lactam,
fluoroquinolone, and aminoglycoside (Fig. 6E and Supplementary
Table 17), all of which are prevalent and highly expressed in chicken
gut microbiomes [82]. The top six ARGs prevalent in chicken gut viral
genomes were efmA, myrA, OXA-118, Bcl, AAC(6/)-Iy, and poxtA
(Fig. 6F). Given the limited number and variety of identified ARG-
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encoding viruses, further studies are required to investigate the poten-
tial role of phages as a reservoir and dissemination vector of ARGs.

4. Discussion

Chicken meat is white meat, and worldwide chicken meat produc-
tion and consumption has shown the fastest growing trend in recent
decades [83]. The microbiome in the gastrointestinal tract plays an
important role in digestion and absorption [3,4]. Feng et al. (2023)
[84] revealed that the development of the chicken gastrointestinal
tract microbiome was associated with changes in chicken serum
metabolites using quantitative microbiome profiling. Despite recent
significant advances in microbiome-related studies, a comprehensive
study on the chicken multi-kingdom microbiome involving multiple
origins, breeds, feeding styles, and geographical factors remains lack-
ing. In this study, we filled this gap by analyzing 135 chicken gut meta-
genomes [17], covering farm and LPM origins, 14 breeds, 2 feeding
styles, and 43 geographical locations combined with 12,339 MAGs
generated in our previous study [31]. On the basis of this dataset,
the first chicken multi kingdom microbiome catalog (CMKMC,
Fig. 1) comprising 18,201 bacterial, 225 archaeal, and 33,411 viral
genomes was built, and 6,076,006 nonredundant protein-coding genes
were annotated. Importantly, the CMKMC contained large proportions
of novel genomes compared with those in a previous study [31].
Besides the dataset novelty, the CMKMC genome analysis indicated
some important implications that can be generalized to other animals.

First, 812 nonredundant uSGBs, including 799 bacterial and 13
archaeal SGBs at 95 % ANI (Fig. 2E), which could not be classified into
known species, were assembled using GTDB-Tk [70] and the public
dataset [31]. The number of the 812 novel species belonging to 240
genera is 6.3 times that of the 38 new candidate genera mentioned
in the previous study [31], greatly expanding our understanding of
uncultured microorganisms. The uSGBs were dominant in the phyla
Firmicutes A (n = 263), followed by Firmicutes (n = 126), Bacteroidota
(n = 121), and Proteobacteria (n = 87). This study provides a useful
resource for future studies on the chicken gut microbiome. However,
the CMKMC catalog is far from complete, as it still lacks or inade-
quately represents some of the low abundance microbial genomes in
the chicken gut.

Second, several ARGs in uncultured bacterial genomes were identi-
fied. Some MAGs carried ARGs resistant to last-line antibiotics, such as
colistin, carbapenem, tigecycline, and oxazolidinone (Fig. 4I). More-
over, 3.57 % and 34.04 % of the MAGs carried plasmids and VFs,
respectively. Using MGEs, horizontal gene transfer of ARGs and viru-
lence genes occurred between and/or within intestinal bacteria, even
from symbiotic bacteria to pathogenic or opportunistic bacteria
[85,86].

Finally, by deep mining the chicken gut metagenomes, 33,411
species-level vOTUs, including 72 lytic and 23 lysogenic complete cir-
cular viruses, were obtained (Fig. 3). Consistent with previous studies
of viromes in the human gut [56] and rumen [61], we found chicken
gut viruses that may infect multiple species (Fig. 5). Therefore, these
results provide a viable approach and help researchers recover similar
resources for other food animals such as duck [49] and pig
[18,33,34,82]. Viruses play an essential role in ARG acquisition, main-
tenance, and dissemination in different environments [87]. Previous
studies have focused on the reservoirs and contribution of viruses to
AMR dissemination, for example, in rumen [61] and activated sludge
systems [63]. In this study, only 153 viruses carried ARGs. We also
found that 3,344 genomes carried 4,601 AMGs. The most common
and abundant putative AMGs were DNMT1 (which catalyzes methion-
ine degradation) and cysH, both of which are frequently reported to be
carried by viruses in rumen ecosystems [88,89].

The uniqueness of this study was in its provision of a reference gen-
ome set of the chicken gut microbiome using state-of-the-art metage-

nomic approaches. The genome set could be used to mine
biosynthetic clusters [45,90], novel toxin-metabolizing genes [40],
antimicrobial peptides [91], microbial dark matter [92,93], and ARGs
[94-96].

This study had several limitations. First, it mainly focused on bac-
terial and archaeal MAGs and viral genomes, whereas eukaryotic
MAGs were excluded. Moreover, the assembled genomes rely on suffi-
cient sequencing coverage depth, and low abundance cannot be cap-
tured. Furthermore, short read-based methods have difficulties in
recovering low abundance and complex genome sequences. For exam-
ple, recent studies using high-fidelity long-read sequencing technology
[97] have shown significant improvements in metagenome assemblies
and the advantages of generating higher proportions of complete
MAGs, as observed in a study on chicken [30] and human gut micro-
biomes [89]. Although our study obtained a significant proportion of
high-quality bacterial and archaeal MAGs (40.80 %) and viral genomes
(3.29 %), there is potential for further improvement using third-
generation sequencing platforms. Finally, new methods for the recon-
struction of MAGs and viral genomes (e.g., VIWRAP) [98], taxonomic
classification, and host prediction will continue to be developed to
overcome these limitations, and improved MAG and viral genome
quality will be generated in the future.

5. Conclusions

In summary, we built and analyzed a comprehensive CMKMC,
including bacterial, archaeal, and viral genomes, and provided func-
tional insights into the chicken gut microbiota, paving the way for
microbial interventions to improve chicken gut health and
productivity.
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