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ABSTRACT 23 

Gut microbiotas play pivotal roles in host adaptation, yet their composition and function in 24 

high-altitude small mammals remain poorly characterized. This study investigated how 25 

host phylogeny (order-level) and dietary habits shape the gut microbiome and virome of 26 

three mammalian orders (Eulipotyphla, Rodentia, Lagomorpha) in Gongga Mountain, a 27 

biodiversity hotspot on the Qinghai-Xizang Plateau. Metagenomic sequencing of 219 28 

samples from 22 species revealed order-specific microbial signatures: Eulipotyphla 29 

(carnivorous) harbored higher abundances of potential pathogens (e.g., Helicobacter, 30 

Hafnia) and Retroviridae; Lagomorpha (herbivorous) was enriched in cellulolytic bacteria 31 

(e.g., Lachnospiraceae, Prevotella) and carbohydrate-active enzymes (CAZymes); 32 

Rodentia (omnivorous) showed intermediate traits. We reconstructed 1,385 high-quality 33 

metagenome-assembled genomes (MAGs), 1,328 representing novel species, and 34 

identified 749 viral operational taxonomic units (vOTUs), >80% being Caudoviricetes. 35 

Crucially, Retroviridae abundance in Eulipotyphla suggests zoonotic risk. Phage-host 36 

network analysis indicated Caudoviricetes regulates cellulolytic bacteria in Lagomorpha. 37 

Host phylogeny and diet jointly drive gut microbiome divergence in small mammals. We 38 

establish the first gut microbiome and virome resource of small mammals in the 39 

high-altitude area of Gongga Mountain, highlighting Eulipotyphla as a potential vector for 40 

zoonotic pathogens. 41 

Keywords: Small mammals; Gut microbiota; MAGs; Virome 42 
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INTRODUCTION 44 

Gongga Mountain is located between the southeastern of the Qinghai-Xizang Plateau and 45 

the Sichuan Basin, with altitudes ranging from 1,000m to 7,556m. It is one of the highest 46 

mountain ranges in southwestern China(Zu et al., 2019). The relative altitude difference 47 

exceeding 6,000m has endowed the Gongga Mountain with a vertical natural zone 48 

spectrum from subtropical to frigid zones and a complex biota(Zu et al., 2019). Previous 49 

studies have shown that the area where Gongga Mountain is located is widely recognized 50 

as one of the global biodiversity hotspots(Myers et al., 2000; Wu et al., 2013). Small 51 

mammals are considered to play important roles in terrestrial ecosystems 52 

worldwide(Searing et al., 2023). Their special ecological niches and their impacts on 53 

energy flow and material cycling in ecosystems are among their fundamental 54 

characteristics(Searing et al., 2023). In ecosystems, small mammals can act as predators of 55 

invertebrates and prey for medium-sized carnivores and raptors, greatly enhancing the 56 

complexity of food webs(Dorigo et al., 2021; Paniccia et al., 2022). In addition, their 57 

activities can also assist in vegetation regeneration and soil aeration(Dorigo et al., 2021; 58 

Paniccia et al., 2022). 59 

Studies have shown that there are significant differences in morphology and feeding 60 

habits among small mammals of different orders. Eulipotyphla usually feed on 61 

invertebrates, and some species also supplement their diet with small vertebrates, so 62 

Eulipotyphla animals can be called carnivores(Symonds, 2005). Rodentia is the largest 63 

order of mammals worldwide, with more than 2,000 species classified into Rodentia, 64 

accounting for approximately 40% of all mammalian species(Kay & Hoekstra, 2008). 65 



 4 

Studies on the feeding habits of Rodentia have shown that the adaptive evolution of the 66 

mandibular dental organs in rodents is closely related to their omnivorous diet(Landry, 67 

1970). There is a distinct gap between the incisors and molars in Rodentia, which enables 68 

rodents to gnaw on almost anything, including grasses, seeds, and chitin-rich 69 

insects(Hunter & Jernvall, 1995; Kay & Hoekstra, 2008). Lagomorpha such as domestic 70 

rabbits, hares and pikas are herbivorous mammals(Iraçabal et al., 2024). Lagomorpha have 71 

highly specialized jaw morphology. They lack canines but possess sharp incisors 72 

specifically adapted for gnawing, and these incisors continuously grow(Zachos, 2016). 73 

Furthermore, the gut morphology among small mammals with different feeding habits is 74 

diversified. Herbivorous mammals require large fermentation chambers to digest plant 75 

fibers. Therefore, it is generally believed that the gut of herbivorous mammals are longer 76 

than those of carnivorous mammals(Duque-Correa et al., 2021). Most carnivorous 77 

mammals lack a cecum, while herbivorous mammals have a relatively well-developed 78 

cecum(Mcgrosky et al., 2019). 79 

The gut microbiota is a diverse community composed of bacteria, fungi, protozoa, and 80 

viruses, which is crucial for maintaining healthy gut physiology in mammals(Puschhof et 81 

al., 2021). Unlike the genome of mammalian hosts, the gut microbiome is more plastic 82 

and can easily adapt to various external environments and host-derived stimuli(Zmora et 83 

al., 2019). Among various endogenous and exogenous factors, diet is a key determinant 84 

that influences the structure and function of the host gut microbial community(Groussin et 85 

al., 2017; Youngblut et al., 2019; Zmora et al., 2019). From studies on herbivores and 86 

carnivores, researchers have strongly inferred that there are huge differences in the gut 87 
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microbiome of mammals with different feeding habits(Zmora et al., 2019). Various 88 

mammalian lineages co-evolve with their gut microbiome, which distinguish different 89 

hosts through the hosts' dietary preferences rather than phylogeny. This phenomenon is 90 

specifically manifested as follows: from herbivores to omnivores and then to carnivores, 91 

the diversity of gut bacterial communities decreases, and typical microbial composition 92 

patterns emerge(Degregori et al., 2024b; Ley et al., 2008; Muegge et al., 2011; Youngblut 93 

et al., 2019). Metagenomic sequencing can randomly sequence the entire metagenome of a 94 

sample without specific primers, such as 16S rRNA sequencing(Fischbach & Segre, 2016; 95 

Wang et al., 2022). This approach provides information on the genetic composition and 96 

functional potential of the gut microbiota, thereby enabling a more detailed taxonomic 97 

characterization of microbial communities than marker gene-based methods by offering 98 

resolution at the species or even strain level(Gao et al., 2021; Schloissnig et al., 2013). 99 

Therefore, metagenomic sequencing has broad application prospects in studying the 100 

community structure and functions of gut microbiota in small mammals. 101 

In this study, metagenomic sequencing was performed on the gut microbiota of 22 102 

species of small mammals belonging to three different orders (Eulipotyphla, Rodentia, and 103 

Lagomorpha). Based on the metagenomic sequencing data, we explored the differences in 104 

species composition and functions among the three orders of small mammals in the 105 

Gongga Mountain. Additionally, the reconstruction of metagenome-assembled genomes 106 

(MAGs) and prediction of viromes were completed, with the aim of revealing the impact 107 

of different ordinal taxonomic categories of small mammals on the gut microbiota and 108 

providing the first gut microbiome and virome resource for high-altitude small mammals. 109 
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MATERIALS AND METHODS 110 

Sample collection 111 

All small mammal samples in this study were collected from Gongga Mountain, Sichuan 112 

Province, China. From September to October 2022, we captured a total of 219 small 113 

mammals by randomly placing cage-style small animal traps at the sampling sites and 114 

used ether to anesthetize all captured small mammals on the spot. Information such as 115 

altitude and habitat where the samples were located was recorded during sampling 116 

(Supplementary Figure S1; Supplementary Table S1). All anesthetized small mammal 117 

samples were transported to the laboratory for processing, and euthanasia was performed 118 

on them via cervical dislocation. The killing of all small mammals has obtained the 119 

permission from Sichuan Academy of Forestry Sciences. During the sampling process, we 120 

wore sterile gloves to cut out the middle section from the midgut of all small mammals 121 

and collect the contents. One sample was taken from the gut of each small mammal, with 122 

a total of 219 samples obtained. Total DNA was extracted from the intestinal contents of 123 

each small mammal using the Intestinal Genomic DNA Extraction Kit (Tiangen 124 

Biochemical Technology (China) Co., Ltd.), and the extraction procedure was performed 125 

in accordance with the kit's instruction manual. After extraction, the samples were 126 

immediately refrigerated with ice packs and stored in -80°C refrigerator until DNA 127 

extraction.  128 

In this study, the collected small mammals included three orders (Eulipotyphla, 129 

Rodentia, and Lagomorpha). Eulipotyphla comprised 2 families, 7 genera, 9 species, and a 130 

total of 58 individuals. Rodentia included 3 families, 7 genera, 11 species, and a total of 131 
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125 individuals. Lagomorpha consisted of 1 family, 1 genus, 2 species, and a total of 36 132 

individuals (Supplementary Table S1). The samples of Lagomorpha include only two 133 

species, which may be one of the limitations of this study. 134 

Metagenomic sequencing and quality control of raw data 135 

The total amount of DNA per metagenomic sample was 0.2 μg, serving as the input 136 

material for DNA library preparation. Sequencing was performed using the NEBNext® 137 

Ultra™ DNA Library Prep Kit for Illumina (NEB, USA, Catalog #: E7370L) according to 138 

the manufacturer's instructions. Metagenomic DNA samples were fragmented to a size of 139 

350 bp by sonication. The ends of DNA fragments were repaired and ligated with 140 

full-length adapters for Illumina sequencing, followed by further PCR amplification. PCR 141 

products were purified using the AMPure XP system (Beverly, USA). Subsequently, the 142 

quality of the DNA libraries was evaluated on an Agilent 5400 system and quantified by 143 

QPCR (1.5 nM). According to the effective DNA library concentration and required data 144 

volume, qualified DNA libraries were pooled and sequenced using the PE150 strategy on 145 

the Illumina NovaSeq 6000 platform. Sequencing information for all metagenomic 146 

samples is presented in Table S2. 147 

Raw fluorescent image files obtained from the Illumina platform were converted into 148 

Raw Reads through base calling and recorded in FASTQ file format. We used Fastp 149 

v.0.23.4(Chen et al., 2018) to perform quality control on the Raw Reads of all 150 

metagenomic samples. Due to the lack of assembled genome resources for the small 151 

mammal species involved in this study, we identified the close relatives of each small 152 

mammal species based on existing phylogenetic research on small mammals. We 153 
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downloaded the reference genomes of the close relatives of small mammal species from 154 

the National Center for Biotechnology Information (NCBI), covering a total of 13 small 155 

mammal species. The reference genomes used to remove host sequences for each small 156 

mammal species were shown in Supplementary Table S3. Finally, we aligned the Clean 157 

Reads to the reference genomes of different small mammal close relatives based on 158 

Bowtie2 v.2.4.5(Langmead & Salzberg, 2012), so as to remove the host genome sequences 159 

contained in the metagenomic sequences as much as possible. 160 

Identification of taxa in metagenomes 161 

Based on a standard microbial database containing "bacteria", "archaea", "viruses", 162 

"fungi", and "protozoa", we used kraken2 v.2.1.3(Wood et al., 2019) to identify and 163 

quantify the microorganisms in the intestinal metagenomic samples of all small mammals. 164 

The number of times Clean Reads were aligned to the microbial database was recorded as 165 

counts. 166 

Reconstruction and quality assessment of MAGs 167 

We used all contigs assembled from individual samples and those co-assembled within 168 

each species to generate Bins. First, the Clean Reads corresponding to the contigs 169 

assembled from each single sample were mapped back using Bowtie2 v.2.5.4(Langmead 170 

& Salzberg, 2012). The resulting sam files were converted into bam file format and sorted 171 

using SAMtools v.1.22.1(Danecek et al., 2021). For the co-assembly results, the mapping 172 

results of each sample need to be merged using "samtools merge", and an index is built for 173 

the bam file corresponding to each contig for subsequent binning processes. To obtain as 174 

many high-quality gut microbial genomes of small mammals as possible, we used 175 
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MetaBAT2(Kang et al., 2019), CONCOCT(Alneberg et al., 2014), and MaxBin(Wu et al., 176 

2016) to perform binning on the mapped bam files based on contigs' coverage information 177 

and clustering information, further dividing contigs into potential genomes. Next, DAS 178 

Tool v.1.1.7(Sieber et al., 2018) was used to evaluate and integrate the assembly results of 179 

the above software with the parameter set as "--score_threshold 0", thereby obtaining a 180 

cluster-based set of Bins. In addition, we also used the deep learning-based MetaBinner 181 

v.1.4.4(Wang et al., 2023) to perform binning on contigs. This tool relies on a large 182 

number of known bacterial genome markers and uses a neural network model to predict 183 

the membership of each bin, improving the accuracy of final genome separation through 184 

large-scale simulation training. Finally, we obtained a cluster-based set of Bins and a 185 

prediction-based set of Bins, which were used as the initial Bins sets for further evaluation 186 

and filtering. 187 

To obtain high-quality MAGs, we dereplicated the initial Bins sets using dRep 188 

v.3.4.2(Olm et al., 2017) with the parameters "dereplicate_wf -comp 70 -con 10 -sa 0.99 189 

-nc 0.1 --S_algorithm fastANI". fastANI was used to evaluate the average nucleotide 190 

identity (ANI) between genomes(Jain et al., 2018). We used an ANI<99% as the threshold 191 

for identifying strains, and genomes with differences within this range were considered by 192 

us to belong to different strains. In addition, we evaluated the completeness and 193 

contamination of Bins by invoking CheckM v.1.2.4(Parks et al., 2015) through dRep. 194 

Finally, a non-redundant set of Bins with completeness greater than 70% and 195 

contamination less than 10% was obtained, which was used as the assembly result at the 196 

strain level. 197 
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Taxonomic identification and abundance calculation of MAGs 198 

GTDB-Tk v.2.5.2 (Genome Taxonomy Database Toolkit)(Chaumeil et al., 2022a) is a 199 

software package for the Taxonomic identification of bacterial and archaeal genomes 200 

based on the Genome Taxonomy Database (GTDB)(Parks et al., 2020). In this study, we 201 

used the "classify_wf" function of GTDB-Tk to perform microbial species annotation on 202 

all MAGs, with the GTDB version being Release 08-RS214. The final taxonomic result 203 

for each MAG is represented by the lowest taxonomic level obtained from species 204 

annotation. We used the "de_novo_wf" of GTDB-Tk to construct a phylogenetic tree of 205 

MAGs, and this process invoked FastTree(Price et al., 2009) to rapidly build the 206 

phylogenetic tree. 207 

Mobile genetic element (MGE) prediction of MAGs 208 

We identified insertion sequences (IS) in MAGs using the Python-based tool ISEScan 209 

v.1.7.3(Xie & Tang, 2017). Bacterial plasmid sequences from the PLSDB database were 210 

downloaded, and MAGs were mapped to the bacterial plasmid sequence database using 211 

diamond v.2.1.8 to predict plasmids in MAGs(Buchfink et al., 2015; Schmartz et al., 212 

2022). The Perl-based tool TransposonPSI v.1.0.0 (http://transposonpsi.sourceforge.net/) 213 

was used to predict transposon sequences in MAGs. 214 

Identifying gut viruses of small mammals from metagenomes 215 

The contigs used for viral genome prediction were derived from the results of individual 216 

assembly of Clean Reads from each metagenomic sample using MEGAHIT v.1.2.9(Li et 217 

al., 2015), yielding contigs with lengths exceeding 300 bp. We used three tools to predict 218 

viral genomes in the metagenome, namely DeepVirFinder v.1.0(Ren et al., 2020), 219 
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VirSorter2 v.2.2.4(Guo et al., 2021), and VIBRANT v.1.2.1(Kieft et al., 2020). We merged 220 

all viral sequences predicted by the three tools according to the assembly source of contigs, 221 

and used CD-HIT v.4.8.1(Fu et al., 2012) to dereplicate all viral sequence sets by source. 222 

Next, CheckV v.1.0.3(Nayfach et al., 2021a) was used to evaluate the genomic quality of 223 

non-redundant viral sequences in each sample. According to the quality assessment results 224 

of CheckV v.1.0.3(Nayfach et al., 2021a), viral sequences from individual samples were 225 

filtered, retaining only those with a length exceeding 5000 bp, a completeness of at least 226 

50%, a contamination level of less than 5%, kmer_freq≤1.0, and a number of viral genes 227 

greater than that of host genes. After completing quality control, all high-quality viral 228 

genome sequences were merged, and then CD-HIT v.4.8.1(Fu et al., 2012) was used again 229 

to dereplicate all viral sequences, resulting in a non-redundant viral sequence set across all 230 

samples, designated as viral operational taxonomic units (vOTUs). 231 

Taxonomic identification and abundance calculation of vOTUs 232 

The taxonomic identification of vOTUs was primarily based on the 233 

ictv-mmseqs2-protein-database 234 

(https://github.com/apcamargo/ictv-mmseqs2-protein-database). This database provides 235 

instructions and scripts for constructing a viral protein MMseqs2 database with taxonomic 236 

annotations, which can be used to assign sequences to viral taxonomic groups defined by 237 

the International Committee on Taxonomy of Viruses (ICTV)(Siddell et al., 2023). 238 

CoverM (https://github.com/wwood/CoverM) is an easy-to-use tool capable of rapidly 239 

calculating DNA reads coverage and relative abundance, currently used in metagenomics 240 

research. We mapped the Clean Reads obtained from metagenomic sequencing and quality 241 
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control to vOTUs to calculate the abundance of each viral genome and obtain an 242 

abundance table for all vOTUs. 243 

Comparison with viral sequences in other databases 244 

We downloaded three known gut virome databases: (1) The Gut Virome Database 245 

(GVD)(Gregory et al., 2020), constructed from 2,697 viral particles or microbial 246 

metagenomes of 1,986 individuals from 16 countries; (2) The Gut Phage Database 247 

(GPD)(Camarillo-Guerrero et al., 2021), a collection of approximately 142,000 248 

non-redundant viral genomes obtained by mining datasets of 28,060 human gut 249 

metagenomes and 2,898 cultured gut bacterial reference genomes; (3) The Metagenomic 250 

Gut Virus (MGV)(Nayfach et al., 2021b), which includes 189,680 viral genomes from 251 

11,810 publicly available human fecal metagenomes. The vOTUs were pairwise compared 252 

with all vOTU sequences in the three gut virome databases using blastn. A vOTU 253 

sequence was considered a newly discovered viral genome if the average nucleotide 254 

identity (ANI) was <95% or the alignment fraction (AF) was <85%. 255 

Host prediction and lifestyle prediction of Caudoviricetes vOTUs 256 

We used CHERRY(Shang & Sun, 2022) to predict the microbial hosts of all vOTUs 257 

identified as phages and the MAG hosts of Caudoviricetes vOTUs. PhaTYP(Shang et al., 258 

2023) was used to predict the lifestyle of Caudoviricetes vOTUs. 259 

Gene assembly, functional prediction, and quantification 260 

We individually assembled the Clean Reads of each metagenomic sample using 261 

MEGAHIT v.1.2.9(Li et al., 2015), with the parameter set as "--min-contig-len 300" to 262 

obtain contigs with lengths exceeding 300 bp. Prodigal v.2.6.3(Hyatt et al., 2010) was 263 
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used for gene prediction on the contigs of each sample. Redundant genes were removed 264 

using CD-HIT v.4.8.1(Fu et al., 2012) based on 95% similarity and 90% coverage. Finally, 265 

the nucleotide sequences were translated into amino acid sequences. We used DIAMOND 266 

v.2.1.8(Buchfink et al., 2015) to align non-redundant amino acid sequences against the 267 

Carbohydrate-Active enZYmes (CAZYmes) database and the virulence factor database 268 

(VFDB), to identify carbohydrate-active enzyme-related genes and virulence genes in the 269 

metagenome. Salmon v.1.10.1(Patro et al., 2017) was used to quantify the abundance of 270 

non-redundant genes in the metagenome, and the gene abundance results were normalized 271 

using Transcripts Per Million (TPM). 272 

For all MAGs, we performed whole-genome annotation using Prokka 273 

v.1.14.5(Seemann, 2014) with the parameters "--metagenome --force --gcode 11". 274 

Combined with the taxonomic results of MAGs, the smallest taxonomic unit was specified 275 

for more accurate genome annotation. To investigate the abundance differences in gene 276 

functions of MAGs among small mammals of different orders, we performed gene 277 

function prediction on the gene prediction results of MAGs based on the CAZYmes 278 

database and VFDB. Before functional prediction, we first used CD-HIT v.4.8.1(Fu et al., 279 

2012) to remove redundancy from the gene sequences of all MAGs, and then used 280 

Prodigal v.2.6.3(Hyatt et al., 2010) to predict the protein sequences of non-redundant gene 281 

sequences, thereby obtaining a set of non-redundant amino acid sequences for gene 282 

function prediction. 283 

Data statistical analysis 284 

We performed β-diversity analysis and permutational multivariate analysis of variance 285 
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using the vegan package in R, with the Bray-Curtis distance employed as the β-diversity 286 

metrics; the α-diversity of gut microbiota at the genus and species levels was calculated 287 

using the R package microeco v.1.7.1, with Shannon index specifically employed as the 288 

measurement metric(Liu et al., 2021). Linear discriminant analysis (LDA) effect size 289 

(LEfSe)(Segata et al., 2011) was used to identify gut microbial and functional biomarkers 290 

in small mammals of different orders. In this process, the Benjamini and Hochberg (BH) 291 

method was used for False Discovery Rate (FDR) correction, and the significance was 292 

evaluated based on the criteria of FDR<0.05 and LDA>2. The gut microbial 293 

co-occurrence networks of small mammals across different orders were constructed using 294 

the R packages phyloseq v.1.42.0(Mcmurdie & Holmes, 2013) and ggClusterNet 295 

v.0.1.0(Wen et al., 2022). Spearman's rank correlation test was used to calculate the 296 

correlation coefficients. Procrustes(Peres-Neto & Jackson, 2001) correlation was used to 297 

analyze the relationship between the composition (relative abundance, %) of 298 

Caudoviricetes vOTUs and their predicted MAGs hosts. The significance test method in 299 

this study is Wilcox.test. 300 

Data visualization 301 

Data visualization was completed using the R packages ggplot2 v.3.5.1, ggpubr v.0.6.0, 302 

ggvenn v.0.1.10, pheatmap v.1.0.12, amplicon v.1.19.0(Liu et al., 2023), and UpSetR 303 

v.1.4.0(Conway et al., 2017). 304 

  305 
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Results 306 

Composition and functions of gut microbiota in small mammals of different orders 307 

We first identified the factors with greater impacts on the β-diversity of gut microbiota in 308 

small mammals through permutational multivariate analysis of variance (PERMANOVA). 309 

The results showed that taxonomic units at various levels of small mammals had 310 

significant effects on the β-diversity of gut microbiota, with the order-level taxonomic 311 

units having the greatest impact (Supplementary Figure S2A). In addition, neither altitude 312 

nor habitat type at the sampling sites emerged as a significant predictor of gut microbiota 313 

variation in the small mammals, after accounting for other factors (Supplementary Figure 314 

S2A). However, we acknowledge that the potential influence of altitude, particularly 315 

through its correlation with shifts in diet, couldn’t be fully disentangled in this study, as 316 

noted in previous research(Degregori et al., 2024a). 317 

We further analyzed the composition and relative abundance differences of gut 318 

microbiota among small mammals of different orders. At the phylum level, 319 

Pseudomonadota, Actinomycetota, Campylobacterota, and Bacillota were dominant in 320 

Eulipotyphla, while Bacillota, Pseudomonadota, Bacteroidota, and Actinomycetota were 321 

dominant in Rodentia and Lagomorpha (Figure 1A). LEfSe analysis at the phylum level 322 

(LDA>3, FDR<0.05) showed that the relative abundances of Pseudomonadota, 323 

Campylobacterota, Actinomycetota, etc., in Eulipotyphla were significantly higher than 324 

those in Rodentia and Lagomorpha, while the relative abundances of Bacillota, 325 

Bacteroidota, etc., in Lagomorpha were significantly higher than those in Eulipotyphla 326 

and Rodentia (Supplementary Figure S2B; Supplementary Table S4). 327 
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At the genus level, dominant genera in Eulipotyphla included Helicobacter, 328 

Pseudomonas, Streptomyces, Ralstonia, etc. Rodentia was primarily dominated by 329 

Pasteurella, Paenibacillus, Blautia, Clostridium, while Lagomorpha was mainly 330 

characterized by Paenibacillus, Blautia, Alistipes, Prevotella, etc. (Figure 1B). Alpha 331 

diversity analysis at the genus level showed that both Shannon and Chao1 indices of 332 

Lagomorpha were significantly higher than those of Eulipotyphla and Rodentia, and the 333 

Shannon and Chao1 indices of Rodentia were significantly higher than those of 334 

Eulipotyphla (Figure 1C, D). LEfSe analysis at the genus level (LDA>3, FDR<0.05) 335 

identified Pseudomonas, Hafnia, Ralstonia, Streptomyces, Campylobacter, Serratia, etc., 336 

as marker microbial genera in Eulipotyphla; Pasteurella as a marker microbial genus in 337 

Rodentia; and Alistipes, Prevotella, Flavonifractor, Paenibacillus, Faecalibacterium, etc., 338 

as marker microbial genera in Lagomorpha (Figure 1E; Supplementary Table S5). 339 

At the species level, the dominant species in Eulipotyphla were Ralstonia insidiosa, 340 

Hafnia alvei, Helicobacter enhydrae, Helicobacter cholecystus, etc. The main species in 341 

Rodentia were Pasteurella multocida, Paenibacillus larvae, Flavonifractor plautii, 342 

Dysosmobacter welbionis, etc. In Lagomorpha, the dominant species were Paenibacillus 343 

larvae, Flavonifractor plautii, D. welbionis, Lawsonibacter asaccharolyticus, etc 344 

(Supplementary Figure S2C). Alpha diversity analysis showed that the Shannon index of 345 

Lagomorpha was significantly higher than those of Eulipotyphla and Rodentia, while there 346 

was no significant difference in the Shannon index between Eulipotyphla and Rodentia 347 

(Figure 1F). The differences in Chao1 index among the three orders were consistent with 348 

the results at the genus level (Figure 1G). LEfSe analysis (LDA>3, FDR<0.05) showed 349 
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that Hafnia alvei, Helicobacter enhydrae, R. insidiosa, Helicobacter cholecystus, Serratia 350 

liquetaciens, and other species were marker microorganisms of Eulipotyphla. Pasteurella 351 

multocida, Natranaerofaba carboxydovora, Acutalibacter muris, and others were marker 352 

microorganisms of Rodentia. Flavonifractor plautii, Paenibacillus larvae, L. 353 

asaccharolyticus, D. welbionis, Faecalibacterium prausnitzii, and others were marker 354 

microorganisms of Lagomorpha (Figure 1H; Supplementary Table S6). 355 

Analyzing the gut microbial co-occurrence networks of small mammals from different 356 

orders through metagenomic data could help us identify the core gut microbiota and infer 357 

the interactions between species. We selected the top 150 gut microbiota with the highest 358 

relative abundance from each of the Eulipotyphla, Rodentia, and Lagomorpha, and 359 

analyzed the co-occurrence networks of gut microbiota in small mammals from different 360 

orders. After normalizing the microbial data using the TMM (Trimmed Mean of M-values) 361 

method, we calculated the correlations between microbes. Microbial correlation data were 362 

filtered based on a correlation coefficient>0.8 and significance<0.05. The co-occurrence 363 

networks showed that only positive correlations existed among microbes in the 364 

co-occurrence networks of each of the three orders (Supplementary Figure S2D-F). We 365 

found that the gut microbiota co-occurrence network of Eulipotyphla contained the largest 366 

number of microbial phyla, with a total of 14 phyla, followed by Rodentia, and 367 

Lagomorpha had the fewest, with only 6 phyla (Supplementary Figure S2D-F). In the 368 

co-occurrence networks of gut microbiota in Lagomorpha and Rodentia, Bacillota and 369 

Bacteroidota played dominant roles, while Pseudomonadota and Campylobacterota were 370 

the main contributors in Eulipotyphla (Supplementary Figure S2D-F). Furthermore, the 371 
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species-level gut microbial biomarkers identified for each order in the LEfSe analysis all 372 

occupied core positions in the microbial co-occurrence networks (Supplementary Figure 373 

S2D-F). 374 

Carbohydrate-active enzyme (CAZYmes) genes in mammalian gut microbiota play 375 

important roles in host health and disease, we performed functional annotation and 376 

abundance calculation of CAZYmes for all gut metagenomic samples of small mammals. 377 

We compared the total abundance of CAZYmes among these three orders. The total 378 

abundance of CAZYmes in Lagomorpha was significantly higher than that in Rodentia 379 

and Eulipotyphla. (Figure S2G). We further compared the abundances of six major 380 

categories of CAZYmes across different orders. The abundances of all six CAZYme 381 

categories in Lagomorpha were significantly higher than those in Rodentia and 382 

Eulipotyphla. We identified CAZYmes biomarkers for small mammals of different orders 383 

through LEfSe analysis (LDA>3, FDR<0.05). Multiple GT family members, along with 384 

GH56 and CE11, were identified as CAZYmes biomarkers for Eulipotyphla. Among them, 385 

GT9 is primarily active in several heptosyltransferase families, GT51 in peptidoglycan 386 

glycosyltransferase, and CE11 in UDP-3-O-acyl N-acetylglucosamine deacetylase. GT2, 387 

GH13, and GH25 were identified as CAZYmes biomarkers for Rodentia, with GH13 388 

mainly active in families such as α-glucosidase. The CAZYmes biomarkers for 389 

Lagomorpha were predominantly GH family members, including GH3, GH43, and GH2, 390 

which are mainly active in families such as xylosidase, arabinofuranosidase, and 391 

glucosidase (Figure 2B; Supplementary Table S7). 392 

The Virulence Factor Database (VFDB) provides major virulence genes from various 393 



 19 

well-characterized bacterial pathogens. We performed functional prediction and 394 

abundance calculation of virulence genes for all gut metagenomic samples of small 395 

mammals. Using LEfSe analysis, we analyzed differences in the relative abundances of 396 

virulence genes among small mammals of different orders and identified virulence gene 397 

biomarkers for each order (LDA>3, FDR<0.05). Multiple virulence gene biomarkers in 398 

Eulipotyphla (VFG019550, VFG006522, VFG019549, VFG019551) are involved in 399 

encoding flagellin B (FlaB) (Figure S2H; Supplementary Table S8). 400 

Analyzing the relative abundance correlation between gut microbial markers at the 401 

species level and functional markers using metagenomic data helps predict the microbial 402 

species executors of key functions. We performed correlation analyses between the 403 

species-level gut microbial biomarkers (LDA>3, FDR<0.05) of Eulipotyphla and its 404 

CAZYmes biomarkers (LDA>3.5, FDR<0.05), as well as between these microbial 405 

biomarkers and virulence gene biomarkers (LDA>3.5, FDR<0.05). In Eulipotyphla, the 406 

relative abundances of five Helicobacter species (Helicobacter mustelae, H. canis, H. 407 

pylori, H. cholecystus, H. enhydrae) were significantly positively correlated with the 408 

relative abundances of GT9, CE11, GT30, and GT19 (Figure 2C). GT30 is primarily 409 

active in α-3-deoxy-D-manno-octulosonic-acid (KDO) transferase, while GT19 is mainly 410 

active in Lipid-A-disaccharide synthase. In addition, the relative abundances of the above 411 

five species were significantly positively correlated with the relative abundances of four 412 

virulence genes (VFG019550, VFG006522, VFG019549, VFG019551) encoding flagellin 413 

B (Figure 2D). At the species level, gut microbial biomarkers (LDA>3, FDR<0.05) in 414 

Rodentia showed overall significant positive correlations with CAZYmes biomarkers 415 
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(LDA>3.5, FDR<0.05). β-glucosidase is one of the active families in GH1, and GH19 416 

contains classes I, II, and IV chitinases (Figure 2E). Correlation analysis between 417 

species-level gut microbial biomarkers (LDA>3, FDR<0.05) and CAZYmes biomarkers 418 

(LDA>3.5, FDR<0.05) in Lagomorpha showed that the relative abundances of species 419 

such as Flavonifractor plautii and Faecalibacterium prausnitzii were significantly 420 

positively correlated with the relative abundances of GH2 and GH3 (Figure 2F). 421 

Reconstruction of MAGs in gut metagenomes of small mammals 422 

During the genome assembly of gut microbiota from small mammals, a total of 13,259 423 

Bins were assembled from 219 samples. To obtain strain-level MAGs, we set thresholds of 424 

ANI<99%, completeness≥70%, and contamination<10% to screen out 1,385 high-quality 425 

non-redundant MAGs. Among them, 229 were derived from co-assembled bins of small 426 

mammal species. The standard for high-quality draft genomes(Bowers et al., 2017) is 427 

defined as genome completeness≥90% and contamination≤5%. Among all 1,385 MAGs, 428 

634 MAGs met the criteria for high-quality draft genomes. In addition, 408 MAGs had a 429 

completeness of over 95%, 1,147 MAGs had a contamination level below 5%, and 3 430 

MAGs achieved 100% completeness with 0% contamination (Figure S3a). We used 431 

GTDB-Tk(Chaumeil et al., 2022b) to perform microbial taxonomic identification on the 432 

1,385 MAGs. The taxonomic identification results of MAGs adopted the standard 433 

taxonomic labels of GTDB(Parks et al., 2020). Only 1 MAG was identified as archaeal 434 

genome, while 1,384 MAGs were identified as bacterial genomes. The MAGs identified 435 

as bacterial genomes were assigned to 12 phyla and 16 classes. Among them, 1,383 MAGs 436 

were classified into 32 orders, 1,374 MAGs into 52 families, 1,325 MAGs into 163 genera, 437 
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and only 56 MAGs into 34 species (Supplementary Table S9). We constructed a 438 

phylogenetic tree of bacterial MAGs using the approximate maximum likelihood method 439 

via FastTree called by GTDB-Tk. The results showed that the phylogenetic relationships 440 

among MAGs were consistent with the annotation results at the bacterial phylum level 441 

(Figure 3A). Among the MAGs identified as bacterial genomes, a total of 828 MAGs were 442 

annotated as Bacillota, accounting for approximately 59.83% of all MAGs 443 

(Supplementary Table S9). 444 

We compared the composition and abundance of gut microbiota across different 445 

orders of small mammals at the bacterial genome level. In Eulipotyphla, the dominant 446 

phyla were Pseudomonadota and Campylobacterota; in Rodentia, the dominant phyla were 447 

Bacillota_A and Bacteroidota; and in Lagomorpha, the dominant phyla were Bacillota_A, 448 

Bacteroidota, and Spirochaetota (Figure 3B). LEfSe analysis at the phylum level (LDA>2, 449 

FDR<0.05) showed that the relative abundances of Pseudomonadota and 450 

Campylobacterota in Eulipotyphla were significantly higher than those in Rodentia and 451 

Lagomorpha, while the relative abundances of Bacteroidota, Spirochaetota, etc., in 452 

Lagomorpha were significantly higher than those in Eulipotyphla and Rodentia (Figure 453 

S3b). At the genus level, the dominant genera in Eulipotyphla include Helicobacter_G, 454 

Hafnia, Serratia_J, and Ralstonia. In Rodentia, the main genera were UBA3282, COE1, 455 

and 1XD8-76 (genera within Lachnospiraceae). In Lagomorpha, the predominant genera 456 

were UBA3282 (a genus within Lachnospiraceae), Acetatifactor, Treponema_D, 457 

Enterenecus, and Prevotella (Figure 3C). The results of α-diversity analysis were close to 458 

those based on metagenomics (Supplementary Figure S3C, D). LEfSe analysis at the 459 
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genus level (LDA>3, FDR<0.05) showed that Helicobacter_G, Hafnia, Serratia_J, 460 

Ralstonia, and others were marker genera for Eulipotyphla; UBA3282, 1XD8-76, COE1, 461 

Pelethomonas, and others were marker genera for Rodentia; and Treponema_D, 462 

Acetatifactor, Prevotella, Enterenecus, and others were marker genera for Lagomorpha 463 

(Figure 3D; Supplementary Table S10). LEfSe analysis of MAGs (LDA>3, FDR<0.05) 464 

showed that MAG1225 (a member of the Hafnia), Serratia_J liquefaciens_A, Ralstonia 465 

sp001078575, MAG1147 (a member of the genus Helicobacter_G), and others were 466 

marker MAGs for Eulipotyphla. Members of the Lachnospiraceae (MAG499, MAG121, 467 

MAGA479) and MAG1079 (a member of the genus Alistipes) were marker MAGs for 468 

Rodentia. MAG677 (a member of the Enterenecus), MAG145 (a member of Acetatifactor), 469 

and others were marker MAGs for Lagomorpha (Supplementary Figure S3E; 470 

Supplementary Table S11). 471 

We performed CAZYmes functional prediction on the MAGs of gut microbiota from 472 

all small mammals. The total abundance of CAZYmes and the total abundance of each 473 

major category among different orders were relatively close to the results of 474 

metagenomics-based analysis (Figure 3E; Supplementary S3F). LEfSe was used to 475 

analyze the differences in the relative abundances of CAZYmes-related genes among 476 

MAGs of small mammals from different orders (LDA>3, FDR<0.05). GT9, GT51, CE11, 477 

and others were identified as CAZYmes markers with significant differences in 478 

Eulipotyphla, consistent with the results of metagenomics-based analysis; GT4, GH13, 479 

GT8, GT2, and others were identified as CAZYmes markers in Rodentia; the CAZYmes 480 

markers with significant differences in Lagomorpha were mainly members of the GH 481 
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family, including GH77, GH3, GH2, GH25, and GH5 (Figure 3F; Supplementary Table 482 

S12). 483 

We performed virulence gene prediction for all MAGs. PCoA analysis showed that 484 

the distribution of virulence genes in Lagomorpha was significantly different from that in 485 

Rodentia and Eulipotyphla, while the distribution of virulence genes in Rodentia and 486 

Eulipotyphla partially overlapped (Supplementary Figure S3G). Further LEfSe analysis 487 

was conducted to examine the differences in the relative abundances of virulence genes 488 

among small mammals from different orders. The virulence gene markers (VFG006522, 489 

VFG006524, VFG019549, VFG019550, VFG019551) in Eulipotyphla MAGs were 490 

involved in encoding flagellin B (FlaB) (Supplementary Figure S3h; Supplementary Table 491 

S13). 492 

To infer the potential functions of specific microbial genomes and validate the results 493 

of metagenomics-based association analysis, we performed correlation analysis between 494 

the relative abundance of high-quality MAGs and the relative abundance of CAZyme and 495 

VFG families. We performed correlation analyses between the gut microbiota MAG 496 

markers (LDA>3, FDR<0.05) of Eulipotyphla and its CAZYmes markers (LDA>3.5, 497 

FDR<0.05) as well as virulence gene markers (LDA>3.5, FDR<0.05), respectively. In 498 

Eulipotyphla, the relative abundances of multiple members of the Helicobacter_G 499 

(MAG1159, MAG1156, MAG1144, MAG1143, MAG1145, MAG1148, MAG1146, 500 

MAG1154, MAG1153) were significantly positively correlated with the relative 501 

abundances of GT51 and CE11 (Figure 3G). Furthermore, the relative abundances of 502 

multiple members of the genus Helicobacter_G in Eulipotyphla (MAG1149, MAG1159, 503 
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MAG1156, MAG1144, MAG1143, MAG1145, MAG1148, MAG1146, MAG1154, 504 

MAG1153) were significantly positively correlated with the relative abundances of one 505 

gene related to chemotaxis response regulator (VFG043386) and four genes encoding 506 

flagellin B (VFG006522, VFG006524, VFG019549, VFG019550) (Figure 3H). 507 

Correlation analysis between the MAG markers (LDA>3, FDR<0.05) of Rodentia and its 508 

CAZYmes markers (LDA>3.5, FDR<0.05) showed significant positive correlations 509 

between members of the Lachnospiraceae family (such as MAG395, MAG302, MAG551) 510 

in the MAG markers and GH13 and GH94 in the CAZYmes markers (Supplementary 511 

Figure S3I). GH94 is mainly active in families such as cellobiose phosphorylase, 512 

cellodextrin phosphorylase, and cellobionic acid phosphorylase. Correlation analysis 513 

between the MAG markers (LDA>3, FDR<0.05) of Lagomorpha and its CAZYmes 514 

markers (LDA>3.5, FDR<0.05) revealed significant positive correlations between 515 

members of the Lachnospiraceae family (such as MAG504, MAG536, MAG228) in the 516 

MAG markers and one or more members of GH2, GH3, and GH5 in the CAZYmes 517 

markers (Supplementary Figure S3J). 518 

Comparison of Helicobacter MAGs and cellulolytic bacteria MAGs from different 519 

sources 520 

In the taxonomic identification results of MAGs, MAGs classified as Helicobacter and 521 

derived from Eulipotyphla were annotated as Helicobacter_G, while those classified as 522 

Helicobacter and derived from Rodentia and Lagomorpha were annotated as 523 

Helicobacter_C and Helicobacter_D, respectively (Supplementary Table S9). To compare 524 

the differences in Helicobacter MAGs from different sources at the genomic level, we 525 
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performed comparative genomic analysis on 62 Helicobacter MAGs assembled in this 526 

study and 8 Helicobacter MAGs downloaded from the integrated mouse gut metagenome 527 

catalog (iMGMC). First, we constructed a phylogenetic tree of the 70 Helicobacter MAGs 528 

described above. All 20 MAGs from Eulipotyphla were annotated as Helicobacter_G and 529 

clustered into an independent branch (Figure 4A). This indicated that they have a 530 

relatively distant phylogenetic relationship with Helicobacter MAGs from Rodentia, 531 

Lagomorpha, and laboratory mice. In addition, the Helicobacter MAGs from Rodentia 532 

and Lagomorpha all belong to two genera, namely Helicobacter_C and Helicobacter_D 533 

respectively (Figure 4A). They also clustered into independent branches almost entirely 534 

based on their sources (Figure 4A). To compare the gene functional differences of 535 

Helicobacter MAGs from different sources, we further performed predictions of 536 

CAZYmes and virulence genes for Helicobacter MAGs. In the gene function prediction 537 

results of CAZYmes, the CAZYmes markers (GT9, GT51, and CE11) in Eulipotyphla 538 

identified based on metagenomics and MAGs were annotated in all Helicobacter MAGs 539 

(Figure 4B). However, in terms of the overall functional prediction results of CAZYmes, 540 

Helicobacter MAGs from Eulipotyphla predicted fewer CAZYmes than those from 541 

Rodentia, Lagomorpha, and laboratory mice. For example, GH73 was only minimally 542 

detected in Helicobacter MAGs of Eulipotyphla, while it was abundantly detected in other 543 

small mammals (Figure 4B). In addition, β-diversity analysis revealed that the 544 

Helicobacter MAGs from Eulipotyphla exhibit significant differences in the function of 545 

CAZymes compared to Helicobacter MAGs from other sources (Supplementary Figure 546 

S4A). In the virulence gene prediction results, flagellin-related genes such as filE, fliS, 547 
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flgG_2, fliM, flgC, and fliP were detected in Helicobacter MAGs of most small mammals 548 

(Figure 4C). However, some flagellin-related genes could not be detected in all 549 

Helicobacter MAGs of small mammals. For example, fliN, fliG, and fliQ were only 550 

minimally detected in Eulipotyphla, while flaB and fliA were only minimally detected in 551 

Rodentia. In terms of the overall prediction of virulence genes, fewer virulence genes were 552 

detected in Helicobacter MAGs from Eulipotyphla compared to those from Rodentia, 553 

Lagomorpha, and laboratory mice. β-diversity analysis also revealed distinct differences in 554 

the function of virulence genes between Helicobacter MAGs from Eulipotyphla and those 555 

from other sources (Supplementary Figure S4B). Therefore, the MAGs of Helicobacter in 556 

Eulipotyphla show obvious differences in gene function from those of Helicobacter in 557 

other small mammals. Comparative analysis of the relative abundance differences of 558 

Helicobacter MAGs (including Helicobacter_G, Helicobacter_C, and Helicobacter_D) 559 

among the three orders revealed that the relative abundance of Helicobacter genomes in 560 

the gut of Eulipotyphla was the highest. This result suggests that invertebrate diet drives 561 

the greater colonization of Helicobacter in the gut of Eulipotyphla and the exertion of its 562 

virulence functions (Figure 4D). We further predicted three types of mobile genetic 563 

elements (insertion sequences, plasmids, transposons) in Helicobacter MAGs. The 564 

association between mobile genetic elements and virulence genes in Helicobacter MAGs 565 

was assessed by calculating the ratio of virulence genes that were co-located with mobile 566 

elements to the total number of virulence genes in each genome. Analysis revealed distinct 567 

patterns of association between MGE types and virulence genes across different host 568 

orders. In Helicobacter MAGs from Rodentia and Lagomorpha, virulence genes showed 569 
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stronger association with plasmids than with other MGEs. In contrast, virulence genes in 570 

Helicobacter MAGs from Eulipotyphla were more frequently associated with transposons. 571 

In Helicobacter MAGs from laboratory mice, virulence genes were primarily linked to 572 

both plasmids and transposons. IS showed relatively weak associations with virulence 573 

genes across Helicobacter MAGs from the gut of small mammals (Supplementary Figure 574 

S4C). 575 

A large number of cellulolytic bacteria genomes from Rodentia and Lagomorpha were 576 

present in our MAGs, including those from the families Lachnospiraceae, and the genera 577 

Treponema and Prevotella. As a research hotspot among ruminants, the genomic resources 578 

of goat gut microbiota have been extensively explored, and numerous genomes of 579 

cellulolytic bacteria have been reconstructed. To compare the differences in genomes of 580 

cellulolytic bacteria from different sources, we downloaded MAGs of cellulolytic bacteria 581 

from the goat gut microbial genomes assembled by Xuefeng Peng et al.(Peng et al., 2021) 582 

and compared them with MAGs of cellulolytic bacteria from Rodentia and Lagomorpha. A 583 

total of 523 Lachnospiraceae MAGs were assembled from the metagenomic data, of 584 

which 419 were from Rodentia and 104 were from Lagomorpha. We constructed a 585 

phylogenetic tree of Lachnospiraceae MAGs from the intestines of small mammals and 51 586 

Lachnospiraceae MAGs from goat intestines. The results showed that the Lachnospiraceae 587 

MAGs did not completely cluster according to their sources (Figure 4E). To compare the 588 

gene functions of Lachnospiraceae MAGs from different sources, we detected the 589 

CAZYmes of the 574 Lachnospiraceae MAGs described above and performed gene 590 

function prediction based on the Uniref50 database. In the CAZYmes detection results, the 591 
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heatmap showed that the detection results of Lachnospiraceae MAGs from different 592 

sources were relatively close in CAZYmes (Supplementary Figure S4D). In the gene 593 

function prediction results based on the Uniref50 database, the NMDS plot showed that 594 

the differences in gene function levels among these Lachnospiraceae MAGs were not 595 

obvious (Figure 4F). In the analysis of gut microbial relative abundance differences based 596 

on MAGs, we found that Treponema is a marker genus in Lagomorpha. Among the 121 597 

Treponema MAGs we reconstructed, 63 were from Lagomorpha and 58 were from 598 

Rodentia. We constructed a phylogenetic tree of the above Treponema MAGs and three 599 

Treponema MAGs from goat gut. The results showed that the Treponema MAGs did not 600 

completely cluster according to their sources (Supplementary Figure S4E). We further 601 

compared the CAZYmes detection results of Treponema MAGs from different sources. 602 

The heatmap showed that the CAZYmes detection results of Treponema MAGs from 603 

different sources were relatively close (Supplementary Figure S4F). We reconstructed 16 604 

and 19 Prevotella MAGs from Rodentia and Lagomorpha, respectively. We constructed a 605 

phylogenetic tree of the above 35 Prevotella MAGs and 5 Prevotella MAGs from goat gut. 606 

The results showed that the Prevotella MAGs did not completely cluster according to their 607 

sources (Supplementary Figure S4G). We further compared the CAZYmes detection 608 

results of Prevotella MAGs from different sources, and the CAZYmes detection results of 609 

Prevotella MAGs from different sources were relatively close (Supplementary Figure 610 

S4H). 611 

Prediction and Characteristics of Gut Virome in Small Mammals 612 

We integrated three viral sequence prediction tools (DeepVirFinder(Ren et al., 2020), 613 
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VirSorter2(Guo et al., 2021), VIBRANT(Kieft et al., 2020)) and predicted a total of 614 

52,768 potential non-redundant viral sequences from all samples. We evaluated the quality 615 

of all non-redundant viral sequences using CheckV(Nayfach et al., 2021a), retaining those 616 

with more viral genes than host genes, contig length exceeding 5,000 bp, completeness 617 

greater than 50%, contamination less than 5%, and kmer_freq≤1.0. Finally, we obtained 618 

749 high-quality gut viral operational taxonomic units (vOTUs) from small mammals. The 619 

average length of vOTUs was 37,021.88 bp, and the median length was 26,237 bp. 620 

Approximately 36% of vOTUs were complete or high-quality (Supplementary Figure S5A, 621 

B). When compared with three existing gut virome databases (GVD, GPD, MGV), a total 622 

of 150 vOTUs could be identified by alignment with any one of the three existing human 623 

gut virome databases. Among them, 50 vOTUs could be simultaneously aligned with all 624 

three existing human gut virome databases, and 599 vOTUs did not cluster with any viral 625 

genomes from other databases, indicating that they might be potential novel gut vOTUs 626 

(Figure 5A).  627 

We performed taxonomic identification on the 749 vOTUs using the 628 

ictv-mmseqs2-protein-database in combination with multiple tools. A total of 722 vOTUs 629 

were taxonomically identified at least at the domain level, while 27 vOTUs could not be 630 

assigned to any viral domain (Supplementary Table S14). The 722 vOTUs identified at the 631 

domain level included 711 kingdoms, 711 phyla, 710 classes, 111 orders, 119 families, 24 632 

genera and 4 species (Supplementary Table S14). In the taxonomic classification of 633 

vOTUs at the domain level, the vast majority of vOTUs were classified as Duplodnaviria, 634 

accounting for approximately 80.91% of all vOTUs (Figure 5B; Supplementary Table 635 
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S14). In our classification of vOTUs, the Duplodnaviria included only one phylum 636 

(Heunggongvirae), one class (Uroviricota), and one order (Caudoviricetes). At the order 637 

level classification of vOTUs, the vast majority of vOTUs could not be identified to the 638 

order level (85.18%). The two most identified orders were Tubulavirales and Ortervirales, 639 

containing 49 and 44 vOTUs, respectively (Supplementary Figure S5C; Supplementary  640 

Table S14). At the family level classification of vOTUs, the vast majority of vOTUs could 641 

not be identified to the family level (84.11%). The two most identified families were 642 

Inoviridae and Retroviridae, containing 49 and 44 vOTUs, respectively (Figure S5D; 643 

Supplementary Table S14). Notably, all vOTUs classified into the Retroviridae did not 644 

form clusters with any viral sequences in existing virome databases, suggesting that all 645 

Retroviridae vOTUs identified from the gut metagenomes of small mammals are 646 

potentially novel viruses (Supplementary Table S14). 647 

We compared the composition and abundance of gut viromes among small mammals 648 

of different orders. At the class level, Caudoviricetes played an important role in the gut 649 

virome of Lagomorpha, with significantly higher relative abundances than those in 650 

Rodentia and Eulipotyphla (Figure 5C, D). Revtraviricetes were dominant in the gut 651 

viromes of Eulipotyphla and Rodentia, with significantly higher relative abundances than 652 

those in Lagomorpha (Figure 5C, D). At the order level, Ortervirales played a dominant 653 

role in the gut virome of Eulipotyphla; in Rodentia, the dominant orders were Ortervirales 654 

and Tubulavirales (Figure 5E, F), while in Lagomorpha, the dominant orders were 655 

Tubulavirales and Petitvirales (Figure 5E, F). Ortervirales had the highest relative 656 

abundance in Eulipotyphla, and its relative abundance in Rodentia was significantly 657 
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higher than that in Lagomorpha. Petitvirales and Tubulavirales had the highest relative 658 

abundances in Lagomorpha, and their relative abundances in Rodentia were significantly 659 

higher than those in Eulipotyphla (Figure 5E, F). At the family level, Retroviridae 660 

dominated the gut virome of Eulipotyphla (Figure 5G). In Rodentia, the dominant families 661 

were Retroviridae, Inoviridae, and Adenoviridae (Figure 5G), while in Lagomorpha, the 662 

dominant families were Inoviridae, Herelleviridae, and Microviridae (Figure 5G). 663 

Retroviridae had the highest relative abundance in Eulipotyphla, and its relative 664 

abundance in Rodentia was significantly higher than that in Lagomorpha. The relative 665 

abundances of Inoviridae in both Lagomorpha and Rodentia were significantly higher than 666 

those in Eulipotyphla, with no significant difference between Lagomorpha and Rodentia. 667 

Herelleviridae and Microviridae had the highest relative abundances in Lagomorpha 668 

(Figure 5H). 669 

We performed GO functional prediction for all gut vOTUs of small mammals. PCoA 670 

analysis showed that there was partial overlap in the distribution of GO functions among 671 

the vOTUs of the three orders (Supplementary Figure S5E). We further compared the 672 

abundance differences of GO function-related genes among small mammals of different 673 

orders through LEfSe analysis. In Eulipotyphla, the relative abundances of genes 674 

associated with GO functions related to symbiosis and interaction (GO:0044419, 675 

GO:0044403, GO:0051701) were significantly higher than those in Rodentia and 676 

Lagomorpha (Figure S5f). In Lagomorpha, the relative abundances of genes associated 677 

with GO functions related to icosahedral capsid (GO:0019030, GO:0039617, GO:0046729) 678 

were significantly higher than those in Eulipotyphla and Rodentia (Supplementary Figure 679 
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S5F). 680 

Interactions between gut Caudoviricetes and microbial hosts in small mammals 681 

Given the important role of the class Caudoviricetes in the gut virome of small mammals, 682 

we analyzed the differences in Caudoviricetes vOTUs among small mammals of different 683 

orders. We first predicted the lifestyle of all vOTUs classified as Caudoviricetes using 684 

PhaTYP(Shang et al., 2023). The results showed that among 606 Caudoviricetes vOTUs, 685 

239 were virulent phages, 366 were temperate phages, and only 1 vOTU’s lifestyle could 686 

not be predicted (Supplementary Table S15). We further analyzed the differences in the 687 

relative abundances of Caudoviricetes vOTUs by lifestyle among small mammals of 688 

different orders. In Eulipotyphla, the relative abundance of virulent Caudoviricetes was 689 

significantly higher than that of temperate Caudoviricetes. In Rodentia, the pattern was the 690 

opposite of that in Eulipotyphla. In Lagomorpha, there was no significant difference in the 691 

relative abundances between the two lifestyles of Caudoviricetes (Figure 6A). 692 

The prediction of microbial hosts for Caudoviricetes vOTUs was achieved by 693 

CHERRY(Shang & Sun, 2022) (Supplementary Table S16). We further analyzed the host 694 

composition of Caudoviricetes and the corresponding abundance differences of 695 

Caudoviricetes vOTUs among small mammals of different orders. We first analyzed the 696 

phylum-level hosts of Caudoviricetes vOTUs, and the most dominant hosts were Bacillota, 697 

Pseudomonadota, and Bacteroidota (Figure 6B; Supplementary Table S16). There were 698 

also significant differences in the phylum-level host prediction results of Caudoviricetes 699 

vOTUs among small mammals of different orders. The phylum-level hosts of 700 

Caudoviricetes in Eulipotyphla were mainly Bacillota, Pseudomonadota, and 701 
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Cyanobacteriota (Figure 6B); those in Rodentia were primarily Bacillota, 702 

Pseudomonadota, Bacteroidota, and Cyanobacteriota (Figure 6B); while in Lagomorpha, 703 

the main hosts were Bacillota, Pseudomonadota, Bacteroidota, Actinomycetota, and 704 

Spirochaetota (Figure 6B). We further analyzed the differences in the genus-level host 705 

composition of Caudoviricetes and the corresponding abundance differences of 706 

Caudoviricetes vOTUs among small mammals of different orders. At the genus level, the 707 

hosts of Caudoviricetes vOTUs in Eulipotyphla were primarily Streptococcus, 708 

Cylindrospermopsis, Paenibacillus, and Veillonella (Figure 6C). In Rodentia, the main 709 

hosts were Enterocloster, Clostridium, Fischerella, and Selenomonas (Figure 6C). In 710 

Lagomorpha, the dominant hosts were Paenibacillus, Streptococcus, Acinetobacter, and 711 

Treponema (Figure 6C). LEfSe analysis (LDA top 20, FDR<0.05) showed that in 712 

Eulipotyphla, the relative abundances of Caudoviricetes vOTUs with genus-level host 713 

predictions of Veillonella, Rhodoferax, and Aeromonas were significantly higher than 714 

those in Rodentia and Lagomorpha (Figure 6D). In Rodentia, the relative abundances of 715 

Caudoviricetes vOTUs with genus-level host predictions of Enterocloster, Fischerella, 716 

Selenomonas, Lawsonibacter, Alicyclobacillus, and Microcystis were significantly higher 717 

than those in Eulipotyphla and Lagomorpha (Figure 6D). In Lagomorpha, the relative 718 

abundances of Caudoviricetes vOTUs with genus-level host predictions of Paenibacillus, 719 

Prevotella, Treponema, and Streptomyces were significantly higher than those in 720 

Eulipotyphla and Rodentia (Figure 6D). 721 

Given the potential impact of gut Caudoviricetes diversity in mammals on the gut 722 

microbiota, we investigated the correlation between the diversity of gut Caudoviricetes 723 
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and the diversity of gut microbial MAGs in small mammals. At the species level, the 724 

α-diversity of Caudoviricetes vOTUs and MAGs in Rodentia and Lagomorpha was 725 

significantly positively correlated, while there was no significant correlation between the 726 

α-diversity of Caudoviricetes vOTUs and MAGs in Eulipotyphla (Figure 6E). We 727 

compared the distributions of gut Caudoviricetes vOTUs and MAGs based on Bray-Curtis 728 

distances through Procrustes analysis. Although the distributions of gut Caudoviricetes 729 

vOTUs and MAGs showed significant correlations across all three orders, the correlation 730 

was relatively low in Eulipotyphla (r=0.3722419; Supplementary Figure S5G), while 731 

higher correlations were observed in Rodentia (r=0.8117904; Supplementary Figure S5H) 732 

and Lagomorpha (r=0.7251562; Supplementary Figure S5I). We used the 733 

CHERRY(Shang & Sun, 2022) to predict the MAGs hosts of Caudoviricetes vOTUs, 734 

thereby investigating the interactions between gut Caudoviricetes and MAGs in small 735 

mammals. A total of 423 vOTUs were found to interact with MAGs (Supplementary Table 736 

S17). We further investigated the correlation between the relative abundances of 737 

Caudoviricetes vOTUs and their MAGs hosts in small mammals. In Eulipotyphla, the 738 

correlation between temperate Caudoviricetes vOTUs and their MAGs hosts was stronger 739 

than that between virulent Caudoviricetes vOTUs and their MAGs hosts (Figure 6F). In 740 

Rodentia and Lagomorpha, the correlations between the two types of Caudoviricetes 741 

vOTUs and their MAGs hosts were comparable (Figure 6G, H). Additionally, Rodentia 742 

had the largest number and variety of MAGs hosts significantly correlated with 743 

Caudoviricetes vOTUs (n=324, 19 families, 65 genera; Figure 6I; Supplementary Table 744 

S18), while Eulipotyphla had the lowest number and variety of such MAGs hosts (n=45, 745 
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11 families, 23 genera; Supplementary Figure S5J; Supplementary Table S19). In Rodentia 746 

and Lagomorpha, Caudoviricetes showed significant positive correlations with MAGs of 747 

cellulose-decomposing bacteria such as Lachnospiraceae and Treponema_D (Figure 6I, J; 748 

Supplementary Table S18, 20). 749 

  750 
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Discussion 751 

The structural characteristics of gut microbial communities in mammals of different orders 752 

can reflect the shaping effects of host phylogeny, physiological traits, ecological niche, 753 

feeding habits, etc., on the gut microbiota. Studies based on 16S rRNA sequencing have 754 

shown that both diet and phylogeny of mammals can influence the diversity of gut 755 

microbiota. Multiple studies have shown that as mammals transition from carnivory to 756 

omnivory and then to herbivory, the diversity of their gut microbiota gradually increases, 757 

and gut microbial communities and mammalian hosts diversify jointly(De Jonge et al., 758 

2022; Ley et al., 2008; Xie et al., 2024). This phenomenon could be related to the more 759 

complex carbon source of plant-based diets, which requires a more diverse range of 760 

microorganisms to participate in the hydrolysis of carbon sources(Bayané & Guiot, 2011). 761 

Although omnivores have a mixed diet, the herbivore digestive system is specifically 762 

adapted (via gut morphology, residence time, fermentation chambers) for microbial 763 

breakdown of complex plant matter, thereby fostering a more diverse microbiome(Huang 764 

et al., 2025). By contrast, omnivores may rely more on host digestive enzymes and less on 765 

extensive microbial fermentation, thereby constraining microbial niche diversity. 766 

We investigated the gut microbial community characteristics of small mammals of 767 

different orders in the Gongga Mountain based on metagenomic sequencing, MAGs 768 

reconstruction, and virome prediction(Chen et al., 2021; Lou et al., 2024; Qin et al., 2010; 769 

Wang et al., 2019; Zhou et al., 2022). We found that as the proportion of plants in the diet 770 

increases, the species diversity of gut microbiota in small mammals gradually increases. 771 

This phenomenon may be consistent with previous research results on the gut microbial 772 
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diversity of mammals with different feeding habits(Ley et al., 2008). The past "Glires" 773 

hypothesis and phylogenetic studies have suggested that Rodentia and Lagomorpha share 774 

a close evolutionary relationship(Nishihara et al., 2006). The convergence of gut microbial 775 

composition between the two orders reflected the influence of phylogenetic relationships 776 

of small mammals on their gut microbiota. 777 

The gut of Eulipotyphla showed higher relative abundances of bacteria carrying 778 

virulence-associated genes, as well as Retroviridae. This may be associated with the 779 

feeding behavior of Eulipotyphla, which primarily feeds on invertebrates and occasionally 780 

consumes carrion(He et al., 2023; Lee et al., 2023; Silby et al., 2011). In the gut 781 

metagenome of Eulipotyphla, CAZYmes with higher abundances are primarily associated 782 

with the synthesis of lipopolysaccharides (LPS) and peptidoglycan(Cote & Taylor, 2017; 783 

Dahmane et al., 2018; De Falco et al., 2015; Fujita et al., 2022). Members of the 784 

Helicobacter in the gut of Eulipotyphla showed a significant positive correlation with 785 

genes involved in regulating the synthesis of LPS and flagellin B. LPS is a major 786 

component of the cell surface of most Gram-negative bacteria and has been shown to play 787 

important roles in cell motility, gut colonization, biofilm formation, and the exertion of 788 

virulence by pathogenic bacteria(Kaito et al., 2020; Raetz & Whitfield, 2002). LPS has 789 

been demonstrated to be one of the virulence factors produced by Helicobacter pylori, 790 

playing a critical role in host-microbe interactions and the establishment of chronic 791 

infections(Rubin & Trent, 2013). Flagellin B is one of the components of the flagellar 792 

filament, and strains lacking the gene (flaB) encoding flagellin B exhibit insufficient 793 

motility(Eletto et al., 2021; Josenhans et al., 1995). Certain Helicobacter sp. require 794 
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flagella for host cell colonization and infection(Ottemann & Lowenthal, 2002). Therefore, 795 

Helicobacter sp. detected in the gut of Eulipotyphla may possess the genetic potential to 796 

support virulence mechanisms, such as the synthesis of LPS and flagellin B. 797 

Through comparative genomic analysis, we further revealed the high specificity of 798 

Helicobacter in the gut of Eulipotyphla. A diet dominated by invertebrates such as insects 799 

leads to the colonization of more Helicobacter sp. in their gut and the exertion of stronger 800 

pathogenic effects. Hafnia(Zhang et al., 2019) and Helicobacter(Mladenova-Hristova et 801 

al., 2017) have been demonstrated to be important genera of zoonotic pathogenic bacteria. 802 

Emerging infectious diseases (EIDs) of wildlife origin have gained increasing attention in 803 

public health discussions(Jones et al., 2008). Salvatore Lucio Cutuli et al. have found that 804 

Hafnia alvei can cause lung infections and dysregulation of the lung microbiota(Cutuli et 805 

al., 2021). Kazuya Okushin et al. have demonstrated that Helicobacter pylori infection is 806 

closely associated with the occurrence and transmission of liver diseases(Okushin et al., 807 

2018). Numerous studies have demonstrated that the Retroviridae is an important group of 808 

human and veterinary pathogens(Balvay et al., 2007; Coffin et al., 2021). They are present 809 

in the genomes of many mammals, including rodents, cats, non-human primates, and 810 

humans(Balvay et al., 2007; Coffin et al., 2021). Moreover, retroviral infections readily 811 

lead to various pathologies such as cancer and immunodeficiency(Balvay et al., 2007; 812 

Coffin et al., 2021). Therefore, the high-abundance characteristics of pathogenic bacteria 813 

and Retroviridae in the gut of Eulipotyphla suggest that they may serve as potential 814 

transmission vectors for zoonotic diseases, highlighting their potential value in public 815 

health surveillance. Establishing a long-term monitoring system for the gut microbiome 816 
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and virome of small mammals (especially species of Eulipotyphla) in Gongga Mountain, 817 

and regularly assessing the dynamic changes of pathogens (such as Helicobacter, Hafnia, 818 

and Retroviridae), may contribute to biodiversity conservation and the development of 819 

early prevention and control plans for pathogens. 820 

Resident gut microbiota widely participate in the decomposition of cellulose in the 821 

large intestine of herbivorous mammals(Froidurot & Julliand, 2022). In the gut of 822 

Lagomorpha, more colonized microorganisms include bacteria with strong 823 

cellulose-decomposing abilities and the production of SCFAs(Fischer et al., 2020; Li et al., 824 

2017; Mukherjee et al., 2023; Rosés et al., 2021). High abundances of Lachnospiraceae 825 

were detected in both Rodentia and Lagomorpha. Lachnospiraceae is also an important 826 

group of SCFA-producing and cellulose-decomposing bacteria(Jalanka-Tuovinen et al., 827 

2011; Xu et al., 2017). Gut microbiota primarily degrade cellulose in the gut of 828 

mammalian hosts through their own CAZYmes(Flint et al., 2012). Compared with 829 

carnivorous animals, herbivorous animals have a higher proportion of cellulose in their 830 

diet. Therefore, the gut of herbivorous animals may contain more cellulases(Alcaide et al., 831 

2012; Froidurot & Julliand, 2022; Zhou et al., 2020). We found that from Eulipotyphla to 832 

Rodentia and then to Lagomorpha, as the proportion of plants in the diet increases, the 833 

total abundance of CAZYmes genes in the gut metagenome also increases, this 834 

phenomenon consistent with the pattern of gut microbial diversity changes. In the gut 835 

metagenome of Lagomorpha, we detected GHs with higher abundances. High abundant 836 

CAZYmes play important roles in the decomposition of cellulose(Guo et al., 2024; 837 

Mendonça et al., 2023; Zayulina et al., 2019). The composition and function of the gut 838 
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microbiota in Lagomorpha reflected its feeding characteristics as a typical herbivorous 839 

mammal. There were significant positive correlations between gut microbial markers and 840 

CAZYmes markers in Rodentia. β-glucosidase in GH1 and chitinases of classes I, II, and 841 

IV in GH19, which are more abundant in the gut microbiota of Rodentia, can catalyze the 842 

metabolism of cellulose and chitin, respectively(Hemati et al., 2022; Udaya Prakash et al., 843 

2010; Yano et al., 2005). The association between gut microbial species and CAZYmes in 844 

Rodentia reflects its characteristics as an omnivorous mammal. During the phylogenetic 845 

evolution of mammals, the composition and functions of gut microbiota among closely 846 

related herbivorous mammals have extensively converged(Ley et al., 2008; Muegge et al., 847 

2011). Phylogenetic and functional convergence of cellulose-decomposing MAGs from 848 

the gut metagenomes of Rodentia and Lagomorpha with those from goat fecal 849 

metagenomes further reveals that a cellulose-rich diet shapes the gut microbiota of 850 

distantly related mammals. Given that Lagomorpha rely on fiber-rich plants and harbor 851 

specialized cellulose-degrading microbial communities (such as Lachnospiraceae and 852 

Prevotella), the native vegetation in their habitats should be protected to prevent 853 

destructive activities like overgrazing and reclamation. 854 

In this study, more than 80% of vOTUs predicted from the gut metagenomic data of 855 

small mammals were classified into Caudoviricetes, suggesting the important role of 856 

Caudoviricetes in the gut virome of small mammals. This phenomenon has also been 857 

observed in the gut viromes of yaks on the Qinghai-Xizang Plateau and domestic pigs(Lu 858 

et al., 2024). Most phages are ideal candidates for regulating bacterial and archaeal 859 

communities in the mammalian gut(Cao et al., 2023). In the gut of Lagomorpha, 860 
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Caudoviricetes vOTUs with hosts of Paenibacillus, Prevotella, and Treponema have 861 

higher abundances. Based on the results of this study on the characteristic gut microbial 862 

genera of Lagomorpha using metagenomics and MAGs, we hypothesize that 863 

Caudoviricetes may play a significant role in regulating the structure and function of 864 

cellulose-decomposing bacteria in the gut of Lagomorpha(Jiang et al., 2022; Mukherjee et 865 

al., 2023; Su et al., 2022). We further predicted the MAGs hosts of all Caudoviricetes 866 

vOTUs and found that the association between Caudoviricetes vOTUs and bacterial 867 

MAGs in Eulipotyphla suggests weaker regulatory effects compared to Rodentia and 868 

Lagomorpha. Additionally, we found that among Rodentia and Lagomorpha, there is a 869 

significant positive correlation between the vOTUs of Caudoviricetes and the MAGs of 870 

Lachnospiraceae and Treponema. While this positive correlation seems to contradict the 871 

predator-prey relationship, it may reflect a stable, long-term coexistence state between 872 

viruses and bacteria, in which phages play a regulatory rather than an eliminating role. 873 

This dynamic process indicates that the predation behavior of phages can regulate but not 874 

eliminate dominant bacterial populations, thereby promoting the stability and functional 875 

redundancy of microbial communities. 876 

Compared with the widely studied gut microbiota of humans and other 877 

medium-to-large mammals, the gut microbiota of small mammals currently receives less 878 

attention and lacks MAGs resources(Chen et al., 2021; Deng et al., 2023; Hess et al., 2011; 879 

Peng et al., 2021; Svartström et al., 2017). High-quality assembly resources of gut 880 

microbial MAGs in small mammals of Rodentia mainly originate from mouse models 881 

under experimental conditions(De Nies et al., 2022; Lesker et al., 2020). For wild rodent 882 
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species, relevant research on gut microbial MAGs has only been published for the bank 883 

vole (Myodes glareolus). A total of 254 MAGs were ultimately identified, with 884 

Bacteroidota being the most abundant phylum in the gut microbiota, followed by Bacillota, 885 

Spirochaetes, and Pseudomonadota(Lavrinienko et al., 2020). Multiple studies have 886 

characterized the gut microbial communities of Ochotonidae and Leporidae in 887 

Lagomorpha, but most of them have not reached the genomic level. Only the wildlife gut 888 

MAGs database constructed by Doron Levin et al. includes European hare samples(Kohl 889 

et al., 2018; Levin et al., 2021; Paës et al., 2022). In Eulipotyphla, gut microbiota studies 890 

have only been conducted on Suncus murinus and Suncus ater, but neither has reached the 891 

microbial genomic level(Koziol et al., 2022; Shinohara et al., 2019). Given the current 892 

limited research investment in the gut microbiota of small mammals, we can hypothesize 893 

that MAGs hold great potential for discovering previously undescribed gut microbial 894 

communities. In this study, microbial genome assembly and screening were conducted on 895 

219 gut metagenomic samples of small mammals collected from Gongga Mountain, and 896 

the first gut microbiota resource library for small mammals in high-altitude regions was 897 

established. A total of 1,385 MAGs were ultimately constructed, among which 1,384 898 

MAGs were classified as bacterial genomes. When compared with microbial genomes in 899 

the GTDB database, a total of 1,328 MAGs in this study were not classified to the species 900 

level, which can be considered as obtaining 1,328 potential novel microbial species 901 

genomes. The discovery of novel microbial species genomes can significantly increase the 902 

number of available microbial reference genomes and the gut microbial richness of small 903 

mammals. 904 
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As an important group of mammals, only a few scientific studies have investigated the 905 

characteristics of gut viromes and bacteriophage genomes in small mammals under the 906 

condition of using mice as models for human disease treatment(Mao et al., 2024; Ritz et 907 

al., 2024). In our study, viromes were predicted and filtered from the gut metagenomic 908 

sequencing data of 219 small mammals, and a total of 749 vOTUs were ultimately 909 

constructed. These vOTUs could effectively supplement the gut virome resources of small 910 

mammals. Compared with three established gut virome databases (GPD, GVD, MGV), a 911 

total of 599 vOTUs failed to cluster with viral genomes in the databases. This suggests 912 

that most of the vOTUs obtained in this study are potential novel gut viruses. Nathaniel L 913 

Ritz et al. found a high abundance of Caudoviricetes in the gut virome of mouse models, 914 

but did not detect Retroviridae(Ritz et al., 2024). Xiaotian Mao et al. also did not detect 915 

Retroviridae in the fecal virome of mice(Mao et al., 2024). In contrast, we predicted 44 916 

vOTUs belonging to Retroviridae from the gut metagenomic samples of small mammals 917 

in Gongga Mountain. Notably, all these Retroviridae vOTUs have not been reported in 918 

existing gut virus databases (GPD, GVD, MGV). The above-mentioned Retroviridae 919 

vOTUs demonstrated the unique characteristics of the gut virome of small mammals in the 920 

high-altitude area of Gongga Mountain, which can provide valuable references for future 921 

research on retroviruses. 922 

In conclusion, we conducted an in-depth investigation of the gut microbiota of 219 923 

small mammals based on metagenomic sequencing technology. A compositional and 924 

functional landscape of gut microbiota of small mammals belonging to three orders in the 925 

high-altitude area of Gongga Mountain was established. Our study compared the 926 



 44 

compositional and functional differences of gut microbiota among three orders of small 927 

mammals, and identified gut microbial species and functional markers specific to different 928 

orders of small mammals. The gut of Eulipotyphla harbored more potential pathogens and 929 

Retroviridae, suggesting their potential role as transmission vectors for zoonotic diseases 930 

and potential public health early-warning value. Through metagenome-based microbial 931 

genome assembly and viral prediction, the first gut microbiota and virome resource library 932 

for small mammals in high-altitude area was established, providing important data support 933 

for future research. It should be noted that the present study relies on metagenomic 934 

inference and lacks direct functional validation. Future investigations integrating 935 

experimental verification, such as metabolomic analysis, will be instrumental in 936 

confirming these predictive outcomes derived from metagenomic sequencing. 937 

  938 
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摘要 1257 

肠道微生物群在宿主适应过程中发挥着关键作用，然而在高海拔小型兽类中，其组1258 

成与功能特征仍未得到充分阐明。本研究以青藏高原生物多样性热点区域——贡嘎1259 

山为研究区域，探究了宿主的系统发育（目水平）和食性如何影响三类哺乳动物（劳1260 

亚食虫目、啮齿目、兔形目）的肠道微生物组与病毒组。对来自 22 个物种的 219 份1261 

样本进行宏基因组测序后，研究发现了具有目特异性的肠道微生物特征：劳亚食虫1262 

目（肉食性）动物肠道中潜在病原体（如螺杆菌属、哈夫尼亚菌属）和逆转录病毒1263 

科的相对丰度更高；兔形目（草食性）动物肠道中富含纤维素分解菌（如毛螺菌科、1264 

普雷沃氏菌属）和碳水化合物活性酶（CAZymes）；啮齿目（杂食性）动物则表现1265 

出介于两者之间的特征。本研究还通过组装获得了 1385 个高质量宏基因组组装基因1266 

组（MAGs），其中 1328 个可能为新物种；同时鉴定出了 749 个病毒操作分类单元1267 

（vOTUs），其中超过 80%属于有尾噬菌体纲。有趣的是，劳亚食虫目动物肠道中1268 

逆转录病毒科的高相对丰度提示存在人畜共患病传播风险。肠道噬菌体-宿主互作分1269 

析表明，有尾噬菌体纲对兔形目动物肠道中的纤维素分解菌具有调控作用。宿主系1270 
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统发育与食性共同驱动小型兽类肠道微生物组的分化。本研究建立了贡嘎山高海拔1271 

地区首个小型兽类肠道微生物组与病毒组资源库，并推测劳亚食虫目动物可能是人1272 

畜共患病病原体的潜在传播载体。 1273 

关键词：小型兽类；肠道微生物组；MAGs；病毒组  1274 
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 1275 

Figure 1. Differences in the composition and abundance of gut microbiota among 1276 

small mammals of different orders. A: The composition of the top 10 gut microbiota in 1277 

terms of abundance at the phylum level. B: The composition of the top 15 gut microbiota 1278 

in terms of abundance at the genus level. C: The α-diversity (Shannon index) of gut 1279 

microbiota at the genus level among small mammals of different orders. D: The 1280 

α-diversity (Chao1 index) of gut microbiota at the genus level among small mammals of 1281 

different orders. E: Differences in the abundance of gut microbiota at the genus level 1282 

among small mammals of different orders. F: The α-diversity (Shannon index) of gut 1283 
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microbiota at the species level among small mammals of different orders. G: The 1284 

α-diversity (Chao1 index) of gut microbiota at the species level among small mammals of 1285 

different orders. H: Differences in the abundances of gut microbiota at the species level 1286 

among small mammals of different orders. ns: Not significant; *: P<0.05; **: P<0.01; ***: 1287 

P<0.001; ****: P<0.0001. 1288 

  1289 
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 1290 

 1291 

Figure 2. Functional profiles of gut microbiota in small mammals of different orders. 1292 

A: Comparison of the total abundances of major categories of CAZYmes in the gut 1293 

microbiota among small mammals of different orders. B: Differences in the abundance of 1294 

gut microbial CAZYmes among small mammals of different orders. C: The association 1295 

between the species markers of the gut microbiota and the CAZYmes markers in 1296 
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Eulipotyphla. D: The association between the species markers of the gut microbiota and 1297 

the virulence gene markers in Eulipotyphla. E: The association between the species 1298 

markers of the gut microbiota and the CAZYmes markers in Rodentia. F: The association 1299 

between the species markers of the gut microbiota and the CAZYmes markers in 1300 

Lagomorpha. ns: Not significant; *: P<0.05; **: P<0.01; ***: P<0.001; ****: P<0.0001. 1301 

  1302 
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 1303 

Figure 3. Reconstruction of MAGs in the gut metagenome of small mammals. A: 1304 

Phylogenetic tree of 1,384 bacterial MAGs derived from small mammals. B: The 1305 
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composition and distribution of the gut microbiota among the top 10 in terms of 1306 

taxonomic abundance at the phylum level of MAGs. C: The composition and distribution 1307 

of the gut microbiota among the top 15 in terms of taxonomic abundance at the genus 1308 

level of MAGs. D: Differences in the abundances of gut microbiota classified at the genus 1309 

level of MAGs. E: Comparison of the total abundances of each major category of 1310 

CAZYmes in the MAGs of the gut microbiota in small mammals of different orders. F: 1311 

Differences in CAZYmes in the MAGs of the gut microbiota in small mammals of 1312 

different orders. G: Association between the markers of MAGs of the gut microbiota in 1313 

Eulipotyphla and the CAZYmes markers of MAGs. H: Association between the markers 1314 

of MAGs of the gut microbiota in Eulipotyphla and the virulence gene markers of MAGs. 1315 

ns: Not significant; *: P<0.05; **: P<0.01; ***: P<0.001; ****: P<0.0001. 1316 

  1317 
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 1318 

Figure 4. Comparison of MAGs from Helicobacter spp. and cellulolytic bacteria of 1319 

different sources. A: The phylogenetic tree of the Helicobacter’s MAGs. B: Heatmap of 1320 
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the annotation of CAZYmes genes in MAGs of Helicobacter. C: Heatmap of the 1321 

annotation of virulence genes in MAGs of Helicobacter. D: Comparison of the relative 1322 

abundances of Helicobacter’s MAGs among small mammals from different orders. E: The 1323 

phylogenetic tree of the Lachnospiraceae’s MAGs. F: Sort the functional annotations of 1324 

Lachnospiraceae’s MAGs according to different sources. ns: Not significant; *: P<0.05; **: 1325 

P<0.01; ***: P<0.001; ****: P<0.0001. 1326 

  1327 
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 1328 

Figure 5. Prediction and characterization of gut viral genomes in small mammals. A: 1329 

Comparison of gut vOTUs in small mammals with other gut virus genome databases. B: 1330 

Taxonomic classification of vOTUs at the realm level. C: The compositional distribution 1331 
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at the class level of gut vOTUs in small mammals of different orders. D: Differences in 1332 

the abundances at the class level of gut vOTUs in small mammals of different orders. E: 1333 

The compositional distribution at the order level of gut vOTUs in small mammals of 1334 

different orders. F: Differences in the abundances at the order level of gut vOTUs in small 1335 

mammals of different orders. G: The compositional distribution at the family level of gut 1336 

vOTUs in small mammals of different orders. H: Differences in the abundances at the 1337 

family level of gut vOTUs in small mammals of different orders. ns: Not significant; *: 1338 

P<0.05; **: P<0.01; ***: P<0.001; ****: P<0.0001. 1339 

  1340 
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 1341 

Figure 6. Interaction between Caudoviricetes and hosts in the gut of small mammals. 1342 

A: Differences in the lifestyles of the Caudoviricetes in small mammals of different orders. 1343 
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B: Microbial hosts at the phylum level of Caudoviricetes in the gut of small mammals 1344 

from different orders, and the abundance distribution of corresponding vOTUs. C: 1345 

Microbial hosts at the genus level of Caudoviricetes in the gut of small mammals from 1346 

different orders, and the abundance distribution of corresponding vOTUs. D: Differences 1347 

in the abundances of corresponding vOTUs of microbial hosts at the genus level of 1348 

Caudoviricetes in the gut of small mammals from different orders. E: At the species level, 1349 

the α-diversity between gut Caudoviricetes vOTUs and MAGs in three orders was 1350 

compared respectively. F: Distribution of the correlation between Caudoviricetes vOTUs 1351 

and host MAGs in the gut samples of Eulipotyphla. The dashed line represents the average 1352 

correlation coefficient in the distribution. G: Distribution of the correlation between 1353 

Caudoviricetes vOTUs and host MAGs in the gut samples of Rodentia. The dashed line 1354 

represents the average correlation coefficient in the distribution. H: Distribution of the 1355 

correlation between Caudoviricetes vOTUs and host MAGs in the gut samples of 1356 

Lagomorpha. The dashed line represents the average correlation coefficient in the 1357 

distribution. I: Correlations between Caudoviricetes vOTUs and predicted bacterial MAG 1358 

hosts in Rodentia gut samples. The left bar plot shows the Spearman correlation 1359 

coefficients between Caudoviricetes vOTUs and predicted bacterial MAG hosts at the 1360 

genus level. The right chord diagram displays the Spearman correlation coefficients 1361 

between Caudoviricetes vOTUs and predicted bacterial MAGs at the family level. J: 1362 

Correlations between Caudoviricetes vOTUs and predicted bacterial MAG hosts in 1363 

Lagomorpha gut samples. The left bar plot shows the Spearman correlation coefficients 1364 

between Caudoviricetes vOTUs and predicted bacterial MAG hosts at the genus level. The 1365 
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right chord diagram displays the Spearman correlation coefficients between 1366 

Caudoviricetes vOTUs and predicted bacterial MAGs at the family level. ns: Not 1367 

significant; *: P<0.05; **: P<0.01; ***: P<0.001; ****: P<0.0001. 1368 

  1369 
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Supplementary Table S13. Differential virulence genes (LDA>3) in gut microbial MAGs of small 1393 

mammals across different orders. 1394 

Supplementary Table S14. Taxonomic informations of vOTUs. 1395 
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Supplementary Table S20. Correlation based on relative abundances between Caudovirales 1403 
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Supplementary Figures 1406 

 1407 

Figure S1. The differences in altitude and habitat environments of sampling locations among the 1408 

small mammals of different orders. A: The differences in altitude of sampling locations among small 1409 

mammals of different orders. B: The differences in habitat environments of sampling locations among 1410 

small mammals of different orders.  1411 
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 1412 

Figure S2. Metagenome-based differences in the composition and functions of gut microbiota 1413 

among small mammals of different orders. A: The impacts of taxonomic units at all levels of small 1414 

mammals, as well as the altitude and habitat types of sampling sites, on the β-diversity of gut 1415 

microbiota. B: Differences in the abundance of gut microbiota at the phylum level among small 1416 

mammals of different orders. C: The composition of the top 20 gut microbiota in terms of abundance at 1417 
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the species level. D: Co-occurrence network of gut microbiota in Eulipotyphla. E: Co-occurrence 1418 

network of gut microbiota in Rodentia. F: Co-occurrence network of gut microbiota in Lagomorpha. G: 1419 

Comparison of the total abundances of CAZYmes in the gut microbiota among small mammals of 1420 

different orders. H: Differences in the relative abundances of gut microbial virulence genes among 1421 

small mammals of different orders. ns: Not significant; *: P<0.05; **: P<0.01; ***: P<0.001; ****: 1422 

P<0.0001. 1423 
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 1425 

Figure S3. Differences in the composition and functions of gut microbiota among small mammals 1426 

of different orders based on MAGs. A: The completeness and contamination levels of MAGs of 1427 

small mammals. B: Differences in the abundances of gut microbiota classified at the phylum level of 1428 
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MAGs. C: Differences in α-diversity (Shannon) of the classification at the genus level of MAGs. D: 1429 

Differences in α-diversity (Shannon) of the classification at the species level of MAGs. E: Differences 1430 

in the abundances of gut microbiota classified at the species level of MAGs. F: Comparison of the total 1431 

abundance of CAZYmes in the MAGs of the gut microbiota in small mammals of different orders G: 1432 

PCoA analysis of virulence genes in small mammals of different orders. H: Differences in the relative 1433 

abundances of virulence genes in the MAGs of gut microbiota among small mammals of different 1434 

orders. I: Association between the markers of MAGs of the gut microbiota in Rodentia and the 1435 

CAZYmes markers of MAGs. J: Association between the markers of MAGs of the gut microbiota in 1436 

Lagomorpha and the CAZYmes markers of MAGs. ns: Not significant; *: P<0.05; **: P<0.01; ***: 1437 

P<0.001; ****: P<0.0001. 1438 

  1439 
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 1440 

Figure S4. Comparison of MAGs in small mammals. A: PCoA analysis based on the Bray-Curtis 1441 

distances calculated from the annotation of CAZYmes. B: PCoA analysis based on the Bray-Curtis 1442 

distances calculated from the annotation of VFGs. C: The virulence genes in Helicobacter’s MAGs 1443 

from different sources are affected by mobile genetic elements. D: Heatmap of the annotation of 1444 
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CAZYmes genes in MAGs of Lachnospiraceae. E: The phylogenetic tree of the Treponema’s MAGs. F: 1445 

Heatmap of the annotation of CAZYmes genes in MAGs of Treponema. G: The phylogenetic tree of 1446 

the Prevotella’s MAGs. H: Heatmap of the annotation of CAZYmes genes in MAGs of Prevotella. 1447 
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 1449 

Figure S5. Genomic characteristics of gut viruses in small mammals. A: Histogram of the 1450 

frequency distribution of the sequence lengths of intestinal vOTUs in small mammals. B: Quality 1451 

distribution of gut vOTUs in small mammals. C: Taxonomic classification of vOTUs at the order level. 1452 
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D: Taxonomic classification of vOTUs at the family level. E: PCoA analysis based on the Bray-Curtis 1453 

distances calculated from the abundances of GO terms. F: GO terms with significant abundance 1454 

differences among different orders. G: Procrustes analysis of association between Caudoviricetes 1455 

vOTUs and its predicted MAGs host of Eulipotyphla gut samples. H: Procrustes analysis of association 1456 

between Caudoviricetes vOTUs and its predicted MAGs host of Rodentia gut samples. I: Procrustes 1457 

analysis of association between Caudoviricetes vOTUs and its predicted MAGs host of Lagomorpha 1458 

gut samples. J: Correlations between Caudoviricetes vOTUs and predicted bacterial MAG hosts in 1459 

Eulipotyphla gut samples. The left bar plot shows the Spearman correlation coefficients between 1460 

Caudoviricetes vOTUs and predicted bacterial MAG hosts at the genus level. The right chord diagram 1461 

displays the Spearman correlation coefficients between Caudoviricetes vOTUs and predicted bacterial 1462 

MAGs at the family level. 1463 
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