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ABSTRACT The gut microbiota of bats is vital for their roles in health and the ecosys­
tem, yet studies on hibernating bats in southwest China, particularly in the unique 
karst landscape of Guizhou, are limited. We captured three hibernating bat species—
Pipistrellus (PB), Rhinolophus (RB), and Myotis (MB)—in Liping County, collecting rectal 
samples for 16S rRNA amplicon sequencing. Data processing involved Trimmomatic, 
Flash, and Qiime2 for operational taxonomic unit (OTU) standardization and species 
annotation via the Greengenes database. Differential abundance was analyzed using 
LEfSe, and diversity metrics were assessed through alpha and beta diversity analyses. 
The RB group was predominantly composed of Proteobacteria (80.99%), while MB and PB 
exhibited diverse compositions with significant OTU richness (729 in MB). Notable genera 
included Hafnia and Yersinia in RB and Cosenzaea myxofaciens in MB. High proportions 
of unclassified taxa were observed, particularly in RB (83.81%). Functional predictions 
indicated metabolic pathways, with a significant representation of human diseases in PB. 
Culturomics revealed the successful cultivation of Huaxiibacter chinensis and Enterobacter 
chengduensis from bats for the first time and appears to have identified a new bacterium 
that is likely closely related to Clostridium paraputrificum.

IMPORTANCE Our research reveals significant differences in the composition and 
diversity of the gut microbiota among three bat groups (PB, MB, and RB) from Guizhou. 
While Proteobacteria predominates in all groups, its abundance varies. Notably, the 
high richness of operational taxonomic units (OTUs) in the MB group suggests a more 
diverse microbial ecosystem, underscoring the complex interactions between species 
diversity, diet, gut microbiota, and overall ecological dynamics in bats. Furthermore, 
the substantial presence of unknown bacterial species in their intestines highlights the 
critical importance of cultivation-based approaches. The presence of specific taxa may 
have potential health implications for both bats and humans. These findings emphasize 
the need for further investigations into the functional roles of these microbiota and their 
contributions to host health. Future research should focus on longitudinal studies to 
elucidate these intricate interactions.

KEYWORDS hibernating bats, gut bacteria, high-throughput sequencing, culturomics, 
16S rRNA

B ats are among the most diverse groups of mammals globally, playing crucial 
ecological roles and maintaining ecosystem balance. Situated in the southwestern 

part of China, Guizhou Province features a unique karst landscape with an average 
elevation of 1,100 meters.

Recent studies have highlighted that the gut microbiota of bats significantly 
influences their health and physiological functions while also playing vital roles in 

May 2025  Volume 10  Issue 5 10.1128/msystems.01463-24 1

Editor Guan-Hong Wang, Chinese Academy of 
Sciences, Beijing, China

Address correspondence to Shijun Li, 
zjumedjun@163.com.

The authors declare no conflict of interest.

Received 30 October 2024
Accepted 10 March 2025
Published 9 April 2025

Copyright © 2025 Zhou et al. This is an open-access 
article distributed under the terms of the Creative 
Commons Attribution 4.0 International license.

https://crossmark.crossref.org/dialog/?doi=10.1128/msystems.01463-24&domain=pdf&date_stamp=2025-04-09
https://doi.org/10.1128/msystems.01463-24
https://creativecommons.org/licenses/by/4.0/


ecosystem functionality, pathogen transmission, and human health (1, 2). During 
hibernation, bats exhibit markedly reduced metabolic activity, leading to significant 
changes in the composition and functionality of their gut microbiota. Understanding 
these shifts is essential for elucidating the ecological adaptation mechanisms of bats 
and the principles of microbial ecology (3, 4). Furthermore, the species diversity of gut 
microbiota may differ among various bat species (5, 6).

High-throughput sequencing technologies, particularly 16S rRNA gene sequencing, 
have emerged as pivotal tools for investigating microbial community composition and 
functionality. This method allows researchers to delve into the interactions between 
gut microbiota and their hosts by analyzing the microbial diversity and abundance 
(7–9). Compared to traditional culture-based techniques, high-throughput sequencing 
provides an efficient and comprehensive insight into the complex structures of microbial 
communities (10). However, the importance of culture-based approaches for isolating 
pathogenic microbes cannot be overlooked (11, 12).

Interest in bat gut microbiota research has surged, encompassing diverse bat species 
across different regions and examining their relationships with environmental factors 
and host health (4–6). Despite these advances, systematic studies focusing on the gut 
microbiota of hibernating bats, particularly in the specific context of southwestern 
China, remain scarce. This study aims to employ 16S high-throughput sequencing in 
conjunction with culturomics to systematically analyze the gut microbial composition 
and functional characteristics of various bat species during hibernation in this region. 
Our research not only addresses the regional gap in bat microbiota studies but also 
expands the understanding of bat–microbe interactions, offering potential insights for 
public health, particularly regarding bats as vectors of pathogens (13, 14).

MATERIALS AND METHODS

Sample collection and preparation

A total of 24 bats, comprising nine Pipistrellus bats (PB), nine Rhinolophus bats (RB), 
and six Myotis bats (MB), were captured during their hibernation period from two caves 
in Liping County, Qiandongnan, Guizhou Province. The two caves are geographically 
proximate 4 km apart with comparable altitudes, temperatures, and humidity levels 
(Table S1). Detailed biometric parameters (body weight and sex) and environmental 
metadata for all 24 bats are documented in Table S1. Upon capture, the bats were 
immediately transported to the laboratory, where they were dissected under sterile 
conditions. Live bats were anesthetized with ether vapor (exposed to a closed container 
for 10 minutes to confirm no pain reflexes) and promptly decapitated by experienced 
experimenters to ensure a rapid and painless process. This research complied with 
all relevant wildlife protection laws, ensuring the welfare of the captured animals. 
Approximately 200 mg of rectal tissue (containing feces) was excised using sterile 
scissors and placed into 2 mL sterile cryovials containing brain heart infusion (BHI) 
medium, with appropriate labeling. Each sample was then homogenized in a sterile 
environment. For high-throughput sequencing and analysis, 18 samples were selected, 
divided into three groups: PB (sample number: CD1-6), RB (sample number: CD7-12), and 
MB (sample number: CD13-18), with six samples in each group. The remaining three RB 
(sample number: samples 1–3) and three PB (sample number: samples 4–6) gut samples 
were designated for culturomics.

DNA extraction and 16S amplicon sequencing

The rectal tissue (containing feces) DNA from the 18 bats was extracted following 
the standardized protocol provided by a bacterial DNA extraction kit (Hangzhou Baiju 
Technology Co., Ltd.). High-throughput sequencing of the 16S rRNA gene was conducted 
by Shenzhen Weikemeng Technology Group, and 16S rRNA genes of distinct regions (16S 
V3–V4) were amplified using specifically the 341F (5′-CCTAYGGGRBGCASCAG-3′) 806R 
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primer (5′-GGACTACNNGGGTATCTAAT-3′) with the barcode. Sequencing libraries were 
generated using the NEB Next Ultra DNA Library Prep Kit (lllumina, USA) following the 
manufacturer’s recommendations, and index codes were added. The library quality was 
assessed on the Agilent 5400 (Agilent Technologies Co Ltd., USA). At last, the library was 
sequenced on an Illumina platform, and 250 bp paired-end reads were generated.

Sequencing data processing

Raw sequence data were processed using Trimmomatic (version 0.35), employing a 
sliding window approach. Sequences with a quality score below 20 were trimmed, and 
sequences shorter than 50 bp were discarded. The remaining paired-end raw data were 
merged using Flash software, yielding complete paired-end sequences. Quality control, 
denoising, merging, and chimera removal of the original sequences were performed 
using the DADA2 plugin (V. 1.22.0) in Qiime2 (V. 2022.2) (15, 16). This process resulted in 
standardized OTUs.

Culturomics and species identification

Culturomics was conducted on gut specimens from PB and RB. Key culturing conditions 
established by Lagier et al. included the use of sheep blood and rumen fluid as critical 
culture materials (17, 18). Accordingly, four essential culture media were set up: Columbia 
blood agar, BHI supplemented with 8% sheep blood, BHI with 8% rumen fluid, and BHI 
agar plates. Cultures were incubated at 28°C and 37°C under anaerobic (anaerobic bags), 
microaerophilic (microaerophilic bags), and aerobic conditions. PB and RB samples were 
plated on the aforementioned media, and after incubation periods of 48 and 72 hours, 
colonies were picked based on established protocols and sub-cultured for isolation and 
purification over three generations. Single purified colonies were first identified using 
matrix-assisted laser desorption/ionization time-of-flight mass spectrometry (MALDI-TOF 
MS), instrument and model: Autof MS 1000 (manufactured by Antu Bio Co., China), 
with an identification score exceeding 9 indicating species-level confidence (19, 20). For 
strains with scores below 9, DNA was extracted, and the 16S rRNA gene was amplified 
using primers 27F (5′-AGTTTGATCMTGGCTCAG-3′) and 1492R (5′-AGTTTGATCMTGGCT­
CAG-3′), followed by sequencing at Beijing Tianyi Huiyuan Biotechnology Co., Ltd. The 
obtained 16S rRNA sequences were compared against the BLAST of the NCBI database to 
confirm the identity of the strains. We followed a widely accepted criterion for defining 
new species, where 16S rRNA gene sequence similarity greater than 98.7% is considered 
indicative of the same species, while a similarity below 98.7% is regarded as suggestive 
of a potential new species (21, 22).

Data analysis

OTUs were categorized into PB, MB, and RB groups, each consisting of six samples. OTUs 
were aligned against the Greengenes2 database (V. release 2022.10) to obtain taxo­
nomic annotation, encompassing species-level classifications from kingdom to species 
(23). In the presentation of species annotation results, only the top 20 most abun­
dant species within each group were displayed, with the remaining lower-abundance 
species classified as “Other.” The LEfSe method was employed to analyze differential 
abundance among groups based on relative abundance tables and presented by the 
linear discriminant analysis score (24). Alpha diversity and beta diversity analyses were 
primarily conducted using the Qiime2 diversity plugin (16). Alpha diversity was assessed 
through metrics including Chao1, Faith’s phylogenetic diversity (Faith-pd), observed 
features, and Shannon and Simpson indices, where higher values indicate greater species 
complexity. The Wilcoxon test was utilized to evaluate significant differences in alpha 
diversity indices among groups. Beta diversity analyses included non-metric multidimen­
sional scaling (NMDS), principal coordinate analysis (PCoA), and principal component 
analysis (PCA). To compare microbial community structures across different samples, 
the Bray–Curtis, weighted UniFrac, and unweighted UniFrac distances were calculated 
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based on OTU abundance information. To investigate the phylogenetic relationships of 
OTUs, one representative OTU of the highest abundance from each annotated genus 
was selected, and a phylogenetic tree of the top 50 genera was constructed using the 
ggtree package in R (25). To predict microbial community functions, the principles of 
PICRUSt2 were applied based on sequences from the KEGG and MetaCyc databases of 
previously sequenced microbial genomes (26). Functional annotations from the KEGG 
database were categorized into three hierarchical levels (L1, L2, and L3). All data analyses 
were completed using the Wekemo Bioincloud platform (https://www.bioincloud.tech) 
(27).

RESULTS

Species annotation and richness

The annotation results revealed a total of two microbial kingdoms: Bacteria and 
Archaea. We identified 28 phyla, 50 classes, 138 orders, 202 families, 382 genera, and 
464 species. We compared the top 20 taxa at the phylum, genus, and species levels 
across the three experimental groups: RB, MB, and PB. At the phylum level, the RB 
group exhibited the highest annotation richness in Proteobacteria (80.99%), followed 
by Firmicutes _A (12.00%) and Firmicutes_D (6.89%). In contrast, the MB group showed 
a dominant presence of Proteobacteria (60.37%), Firmicutes_D (34.02%), and Actinobac­
teriota (3.76%). The PB group, meanwhile, was primarily annotated in Firmicutes _A
(65.20%), Firmicutes_D (19.60%), and Proteobacteria (14.76%) (Fig. 1A). At the genus 
level, excluding the “unclassified” category, the RB group had the highest annotations 
in Hafnia (40.44%), Yersinia (12.91%), Citrobacter_A(692098) (9.23%), and Enterococcus_H 
(360604) (6.00%). The MB group predominantly annotated Proteus (16.50%), Lactococ­
cus_A (343473) (16.35%), Hafnia (7.00%), and Halomonas_C (640989) (6.60%). For the 
PB group, the most annotated genera were Paraclostridium (20.91%), Clostridium_T 
(18.10%), Enterococcus_H (360604) (14.63%), and Hafnia (11.09%). Notably, the “unclassi­
fied” taxa accounted for a substantial proportion in all groups, particularly in the MB 
group (30.41%), followed by the RB group (15.82%) and the PB group (20.91%) (Fig. 1B).

At the species level, the RB group showed the highest annotations for Enterococcus 
faecalis (5.97%), Clostridium perfringens (5.05%), Paraclostridium benzoelyticum (2.41%), 
and Hathewaya limosa (1.09%). The MB group’s highest annotations were observed in 
Cosenzaea myxofaciens (16.50%), Halomonas stevensii (3.98%), Rahnella variigena (3.72%), 
and Pseudomonas aeruginosa (1.96%). In the PB group, the most annotated species 
included Paraclostridium benzoelyticum (20.91%), Enterococcus faecalis (14.57%), 
Clostridium sardiniense (12.70%), and Clostridium perfringens (8.97%). Additionally, a 
significant proportion of taxa remained “unclassified,” particularly in the RB group 
(83.81%), followed by the MB group (69.35%) and the PB group (36.35%) (Fig. 1C).

A Venn diagram illustrating the number of OTUs revealed that the MB group pos­
sessed the highest OTU count (729), followed by the RB group (266), with the PB group 
showing the least (126). Notably, only 22 OTUs were shared among the three groups (Fig. 
1D).

To investigate the similarities in gut microbiota among different bat species, we 
performed clustering analysis. At the phylum level, the differences among the three 
groups were not pronounced, with the majority clustering within Firmicutes_D, Firmi­
cutes_A, and Proteobacteria. However, the MB group exhibited a significant clustering 
hotspot within Actinobacteriota (Fig. 2A). At the genus level to assess the similarities and 
differences across groups, notable clustering hotspots were identified among the three 
groups. The RB group predominantly clustered within Serratia_D (727363), Halomonas_C 
(640989), and Citrobacter_A (692098), alongside Hafnia and Enterococcus_H (360604), as 
well as Yersinia and Serratia_D (727245). The MB group primarily clustered around 
Halomonas_C (640989), Citrobacter_A (692098), Serratia_D (727363), Alcaligenes, 
Pseudomonas_E (650326), and Achromobacter. In contrast, the PB group exhibited 
clustering around Hafnia, Enterococcus_H (360604), Clostridium_T, Paraclostridium, 
Clostridium_P, Lactococcus_A (343473), and Lactococcus_A (346120) (Fig. 2B). At the 
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species level, notable differences emerged in the clustering hotspots among the groups. 
The MB group clustered primarily around Halomonas stevensii, Pseudomonas aeruginosa, 
and Alcaligenes faecalis, whereas the clustering hotspot for the RB group was less distinct, 
primarily represented by Enterococcus faecalis. In contrast, the PB group demonstrated 
clustering around Enterococcus faecalis, Paraclostridium benzoelyticum, Clostridium 
perfringens, and Clostridium sardiniense (Fig. 2C).

Furthermore, we examined the differences in species richness among the three 
groups. The PB group showed a significantly higher abundance of Firmicutes_A, Clostridia 
(258483), Clostridiales, Clostridiaceae (222000), Clostridium_T, Enterococcus_H (360604), 
and Enterococcaceae compared to the other groups. In the MB group, Proteobacteria, 
Gammaproteobacteria, Serratia_D (727363), Halomonas_C (640989), Halomonadaceae 
(641030), Pseudomonadales (641030), Burkholderiales (595422), Burkholderiaceae_A 
(595422), Achromobacter, Alcaligenes, Pseudomonadaceae, Pseudomonas_E (650326), and 
Pseudomonadales (650611) were found to be more abundant than in the other groups. 
The RB group exhibited higher richness in Enterobacteriaceae_A, Enterobacterales_A 

FIG 1 Relative distribution of bacterial species richness. (A) Bar chart depicting the relative distribution at the phylum level (top 20 by relative abundance). (B) 

Bar chart showing the relative distribution at the genus level (top 20 by relative abundance). (C) Bar chart illustrating the relative distribution at the species level 

(top 20 by relative abundance). (D) Venn diagram of OTUs.
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(737866), and Citrobacter_A (692098) compared to the other groups (Fig. 2D). These 
differences and the relationships among the dominant microbial communities indicate a 

FIG 2 Clustering and LEfSe analysis. Hierarchical clustering heatmap displaying the absolute abundance of the top 20 taxa, 

with a clustering tree on the left illustrating the similarity in species abundance distributions across groups. The central 

heatmap represents the log10-transformed absolute abundance. (A) Clustering heatmap at the phylum level. (B) Clustering 

heatmap at the genus level. (C) Clustering heatmap at the species level. (D) LDA bar chart from LEfSe analysis at the genus and 

higher taxonomic levels, with each horizontal bar representing a species, where the length corresponds to the LDA score and 

longer bars indicate greater differences. (E) Cladogram from LEfSe analysis. The cladogram depicts different taxonomic levels 

from phylum to genus, with connecting lines representing hierarchical relationships. Each circular node represents a species; 

nodes colored yellow indicate no significant differences between groups, while non-yellow nodes represent characteristic 

microbes of the corresponding colored group (with significantly higher abundance). Color-coded sectors highlight the 

subordinate taxonomic ranges of characteristic microbes.
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higher richness in the MB group, while the RB group exhibited the lowest richness (Fig. 
2E).

Alpha diversity analysis

The results of the α-diversity analysis revealed that the species richness in the MB group 
was greater than that in the RB group, which in turn exceeded the richness observed 
in the PB group. These differences in richness were statistically significant, as indicated 
by the Chao1, Faith-pd, and observed feature indices (Fig. 3A through C). Although 
variations were also noted in the Shannon and Simpson indices, these did not reach 
statistical significance (Fig. 3D and E).

Beta-diversity analysis

Significant differences were observed in β-diversity among the three groups. The results 
from the non-metric dimensional scaling (NMDS) analysis demonstrated that the 
bacterial communities in the RB group were more dispersed, while the PB and MB groups 
exhibited higher similarity in their bacterial communities (Fig. 4A). Two-dimensional 
PCoA indicated that the distances between the RB and PB groups were considerably 
greater than those within the MB group. Moreover, the bacterial communities in the RB 
and PB groups appeared more dispersed, while the MB group showed greater concentra­
tion, suggesting structural differences in their communities (with a maximum variance 
contribution of 17.4%) (Fig. 4B). Importantly, PCA revealed that the RB and PB groups 
clustered together, whereas the MB group exhibited a distinct separation. This finding 
indicates that the bacterial compositions in the RB and PB groups are similar, while 
significant differences exist between MB and both RB and PB. Notably, the first principal 
component (PC1) was identified as the primary factor influencing bacterial diversity, 
contributing 41.19% to the variance (Fig. 4C).

Additionally, the analysis of Bray–Curtis, weighted UniFrac, and unweighted UniFrac 
distances, based on the abundance information of OTUs, was conducted to assess the 
differences in bacterial community structures among samples. Comparisons among the 
18 samples revealed considerable variability in intestinal microbiota diversity even 
among individuals of the same bat species, as well as notable similarities in microbial 
diversity between different bat species (Fig. 4D).

Species evolution analysis

We selected the most abundant OTUs for each annotated genus, using these as represen­
tatives to construct a phylogenetic tree of the top 50 genera. The analysis revealed that 
these 50 genera belong to seven different phyla. Notably, 21 of the genera are from the 
phylum Proteobacteria, including Yersinia, Serratia_D (727245), Rahnella (728905), 
Morganella, Proteus, Hafnia, Vibrio (678715), Citrobacter_A (692098), Kluyvera (724999), 
Serraia_D (727363), Pseudomonas_E (65032), and Pseudomonas_E (647464). Furthermore, 
10 genera are derived from the phylum Firmicutes_D, including Sinobaca, Bacillus_A, 
Carnobacterium_A (320617), Latilactobacillus, Enterococcus_H (360604), Enterococcus_B, 
Lactococcus_A (343473), Lactococcus_A (346120), and Streptococcus. Additionally, 10 
genera belong to the phylum Actinobacteriota, comprising Georgenia (386131), Actinota­
lea, Nesterenkonia, Kocuria, Microbacterium_A (383184), Agromyces_B (382064), Serinicoc­
cus, Corynebacterium, Mycobacterium, and Nakamurella. The remaining 19 genera are 
distributed across Firmicutes_A, Verrucomicrobiota, Cyanobacteria, and Gemmatimona­
dota. The MB group exhibited the highest richness hotspots, particularly within Actino­
bacteriota and Proteobacteria, while showing more pronounced hotspots in 
Verrucomicrobiota, Cyanobacteria, and Gemmatimonadota compared to other groups. In 
contrast, the RB group’s richness hotspots were primarily concentrated in Proteobacteria 
and Firmicutes_A. The PB group demonstrated richness hotspots predominantly in 
Firmicutes_A and Firmicutes_D (Fig. 5).
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Gene function prediction

The functional predictions of gut microbiota in three bat species were conducted using 
the KEGG and MetaCy databases. The results revealed a total of six KEGG pathways, 
encompassing Metabolism, Genetic Information Processing, Cellular Processes, Human 
Diseases, Environmental Information Processing, and Organismal Systems. Notably, the 
pathway with the highest representation was Metabolism. Additionally, the Human 
Diseases pathway comprised 6.30% in the RB group, 5.86% in the MB group, and 6.34% 
in the PB group (Fig. 6A).

At the second level (L2) of the pathways, categories included Carbohydrate Metabo­
lism, Metabolism of Cofactors and Vitamins, Amino Acid Metabolism, Metabolism of 
Other Amino Acids, Global and Overview Maps, Lipid Metabolism, Cell Motility, Biosyn­
thesis of Other Secondary Metabolites, Replication and Repair, Xenobiotics Biodegrada­
tion and Metabolism, Energy Metabolism, Glycan Biosynthesis and Metabolism, Folding, 
Sorting and Degradation, Membrane Transport, Metabolism of Terpenoids and Polyketi­
des, Drug Resistance: Antimicrobial, Translation, Cellular Community—Prokaryotes, 
Nucleotide Metabolism, and Cell Growth and Death (Fig. 6B).

The third-level pathways (L3) included D-Alanine Metabolism, Flagellar Assembly, 
Biosynthesis of Valine, Leucine, and Isoleucine, Bacterial Chemotaxis, Lipoic Acid 
Metabolism, D-Glutamine and D-Glutamate Metabolism, Biotin Metabolism, Fatty Acid 
Biosynthesis, Biosynthesis of Amino Acids, Sulfur Relay System, Mismatch Repair, 
Pantothenate and CoA Biosynthesis, Peptidoglycan Biosynthesis, Protein Export, 
Selenocompound Metabolism, Thiamine Metabolism, Aminoacyl-tRNA Biosynthesis, 

FIG 3 Alpha diversity analysis. (A) Results of Chao1 diversity analysis. (B) Results of Faith’s phylogenetic diversity (Faith-pd) analysis. (C) Results of observed 

feature diversity analysis. (D) Results of Shannon diversity analysis. (E) Results of Simpson diversity analysis. * and ** indicate P < 0.05 and P < 0.01, respectively. ◆ 

denotes outliers.
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Carbon Fixation in Photosynthetic Organisms, Drug Metabolism—Other Enzymes, and 
Cationic Antimicrobial Peptide (CAMP) Resistance (Fig. 6C).

The pathways predicted by the MetaCy database included PWY-6609, PWY-7220, 
PWY-7222, PWY0-1296, NONOXIPENT-PWY, PWY0-1297, PWY0-1586, P161-PWY, 
PWY-7229, PHOSLIPSYN-PWY, PWY-7663, PWY-6126, PWY-5667, PWY0-1319, PWY4FS-7, 
PWY4FS-8, PWY-5973, PWY-7219, CALVIN-PWY, and PWY-7111. Among these, PWY-6609, 
PWY-7220, PWY-7222, PWY0-1296, NONOXIPENT-PWY, and PWY0-1297 showed a higher 
representation in the PB group (Fig. 6D).

PCA was performed on the predicted gene functions, revealing significant differences 
among the three groups. At the L1 level of KEGG pathways, these differences were not 
pronounced, with PC1 accounting for 91.79% of the variation among samples (Fig. 7A). In 
contrast, at the L2 and L3 levels of KEGG pathways, the RB and PB groups exhibited 
similarity and concentrated gene functions, while the MB group demonstrated a broader 
range of gene functions (Fig. 7B and C). These results were also evident in the MetaCyc 
pathways, highlighting the distinct gene functional characteristics of the MB group (Fig. 
7D).

FIG 4 Beta diversity analysis. (A) NMDS analysis. (B) PCoA. (C) PCA. (D) Heatmap of beta diversity indices, with colors representing the dissimilarity coefficient 

between samples; smaller coefficients indicate greater similarity in species diversity. The numerical values in the heatmap correspond to Bray–Curtis distance, 

weighted UniFrac distance, and unweighted UniFrac distance, respectively.
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Culturomics results

The cultivation results from the PB and RB groups revealed that 221 suspected colonies 
were captured from six intestinal samples under various media and conditions. Among 
the 221 colonies identified using MALDI-TOF MS, 124 exhibited scores greater than 9 
(Table S2). Furthermore, sequence alignments of the 16S rRNA gene from 97 strains 
indicated that 96 had similarity values exceeding 99% in the NCBI database (Table S3). 
Notably, one strain showed only 98.18% similarity to Clostridium paraputrificum strain 
JCM 1293 (Table S4), suggesting it may represent a putative new species. For new 
bacterial species identification, average nucleotide identity (ANI) and digital DNA–DNA 
hybridization (dDDH) are regarded as the gold standards. Thresholds for ANI and dDDH 
were set at 95% and 70%, respectively, with values below these thresholds indicating 
that the strains belong to a new species (28–30). To this end, we performed whole-
genome sequencing of the putative new species, and the ANI and dDDH analyses 
confirmed that it represents a new species of Clostridium (ANI below 95%; dDDH below 
70%). The detailed validation process will be reported in a forthcoming publication. In 
total, by integrating the results from MALDI-TOF MS and 16S rRNA gene sequencing, we 
successfully cultured 45 bacterial species. Specifically, the PB group yielded 23 distinct 

FIG 5 Phylogenetic tree and intergroup abundance heatmap. On the left, the phylogenetic tree with branches colored by phylum; terminal branches represent 

individual OTUs, annotated with their respective genera. On the right, a heatmap of standardized abundance, where higher values indicate greater relative 

abundance.
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species, while the RB group produced 27 species, with only five species being common 
to both groups (Fig. 8A). The most abundant cultured bacterial species included 
Enterococcus faecalis, Hafnia alvei, Klebsiella oxytoca, Clostridium bifermentans, Lactococ­
cus garvieae, Citrobacter freundii, Proteus myxofaciens, and Yokenella regensburgei. 
Additionally, several bacterial species that have been recently identified and may pose 
potential health risks to humans were noted, such as Enterobacter chengduensis, 
Huaxiibacter chinensis, and Morganella morganii (Fig. 8B). Among the culture media, the 
Columbia blood agar demonstrated a significant predominance, accounting for 34.39% 
of the isolates, followed by BHI supplemented with blood at 25.79%. The growth rates at 
28°C and 37°C were similar, comprising 49.32% and 50.68% of the total, respectively. 
Slightly anaerobic conditions yielded the highest success rate at 36.65%, followed closely 
by aerobic conditions at 35.29%, whereas anaerobic conditions resulted in the lowest 
recovery rate at 28.05% (Fig. 8B). Notably, the RB group exhibited the greatest variability 
in bacterial counts, with sample 1 yielding 16 species and sample 3 producing only five 
species. In contrast, the PB group showed minimal variation in the number of bacterial 
species cultivated across samples (Fig. 8C).

DISCUSSION

This study offers a comprehensive examination of the gut microbiota of hibernating bats 
in Guizhou Province, China, utilizing high-throughput sequencing and culture-based 
methods. Given the ecological significance of bats as vectors of various pathogens and 
their role in maintaining ecosystem balance, understanding their gut microbiota can 

FIG 6 Gene function prediction. (A) Gene functions at Level 1 in the KEGG database. (B) Gene functions at Level 2 in the KEGG database (top 20). (C) Gene 

functions at Level 3 in the KEGG database (top 20). (D) Pathway prediction results in the MetaCyc database (top 20).
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provide valuable insights into host health, metabolic functions, and the potential for 
zoonotic disease transmission.

Our findings demonstrate distinct differences in the gut microbiota composition 
among the three bat species examined: the PB, MB, and RB. At the phylum level, 
Proteobacteria emerged as the predominant group across all three bat cohorts, albeit 
with notable differences in the relative abundance. The RB group exhibited the highest 
percentage of Proteobacteria (80.99%), followed by MB (60.37%) and PB (14.76%). This 
finding is consistent with those of previous studies demonstrating the dominance of 
Proteobacteria in various mammalian gut microbiomes, which has been associated with 
their roles in nutrient metabolism and immune modulation (31, 32). In contrast, 
Firmicutes, particularly Firmicutes_A and Firmicutes_D, were notably more abundant in 
the PB group, suggesting a unique adaptation to their diet or gut physiology (33, 34). At 
the genus level, our analysis revealed significant microbial diversity. The RB group’s high 
abundance of Hafnia (40.44%) and Yersinia (12.91%) may reflect their dietary preferences 
or environmental exposures, given that Hafnia is often found in decaying matter and can 
thrive in varied habitats, and Yersinia poses a serious threat to human health. These
include Yersinia pestis, Yersinia enterocolitica, and Yersinia pseudotuberculosis (35–37). The 
presence of Enterococcus in both RB and PB groups further underscores the potential 
importance of this genus in gut health and disease prevention (38, 39). The difference is 

FIG 7 Predictive functional PCA. (A) PCA of KEGG pathways at the L1 level. (B) PCA of KEGG pathways at the L2 level. (C) PCA of KEGG pathways at the L3 level. 

(D) PCA of MetaCyc pathways.
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even greater at the species level; the clustering analysis based on the top 20 genera 
underscores distinct microbiota profiles among the three groups. The identification of 
unique clustering patterns in RB, MB, and PB suggests that specific environmental or 
dietary factors significantly influence the microbial community structure. Moreover, the 
high proportion of unclassified OTUs across all groups, particularly in the RB (83.81%) 
and MB (69.35%) cohorts, suggests that a significant portion of the gut microbiota 
remains uncharacterized, warranting further investigation into these unidentified taxa 
and their potential roles. This underscores the necessity for more comprehensive 
metagenomic and culturomics studies to elucidate the functional capacities of these 
microbial communities. The analysis of OTU richness revealed a noteworthy disparity 
among the groups, with MB hosting the most OTUs (729), followed by RB (226) and PB 
(126). This suggests a more diverse and potentially resilient microbial ecosystem in MB, 
which could be a reflection of varied dietary inputs or environmental interactions (3–6). 
The shared OTUs among all three groups (22) indicate a core microbiota, possibly 
essential for basic gut functions, while the unique OTUs may contribute to group-specific 
adaptations.

Obviously, the intestinal microbial diversity of MB is higher than that of RB, and 
the least is PB. This suggests that dietary preferences and environmental factors 
could significantly shape the microbiota composition within these species (4–6). It also 
suggests that different species of bats may pose different threats to humans because of 
differences in the bacteria they carry in their guts. It is also worth noting that, compared 
with non-hibernating bats, whether there are differences in the number of intestinal 
microbes and species diversity in hibernating bats deserves further study (3).

Our analysis of α-diversity indicated that the MB group harbors a higher species 
richness compared to both the RB and PB groups, with statistically significant differ-
ences observed in the Chao1, Faith-pd, and observed feature indices. These indices 
are commonly used to estimate species richness and phylogenetic diversity, and the 
observed trends suggest that MB bats support a more diverse microbial community. The 
significant differences in richness between groups may reflect variations in diet, habitat, 

FIG 8 Results of culturomics. (A) Venn diagram of cultured bacterial species. (B) Bacterial species grown under different culturing conditions. (C) Number of 

species isolated from each sample.
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or other ecological factors that influence gut microbiota composition. In particular, 
microbats, which tend to have a more insect-based diet, might host a distinct set 
of microbes compared to other bat species with different feeding strategies (e.g., 
fruit or nectar). This hypothesis is supported by studies in other mammals, where 
dietary habits have been shown to shape gut microbial communities (5, 6). Interest­
ingly, although Shannon and Simpson indices revealed trends toward differences in 
community evenness and diversity, no statistically significant differences were found 
between groups. This result suggests that while the species richness differs significantly 
between groups, the evenness of species distribution within each group does not show 
a comparable level of variation. Our β-diversity analysis further highlighted the distinct 
microbial community structures across the three bat groups. Even though all three 
bat species come from the same area, NMDS and PCoA clearly indicated that the RB 
group exhibited a more dispersed bacterial community, while the MB and PB groups 
showed a higher degree of microbial similarity. This observation suggests that the 
microbiomes of MB and PB bats are more alike, potentially due to shared ecological 
niches or overlapping environmental exposures, which are less apparent in the RB group 
(40–42). Furthermore, the PCA revealed that RB and PB bats clustered more tightly 
together, while MB bats were more clearly separated, suggesting that the microbial 
communities in the MB group are distinct from those in the other groups. This separation 
could be attributed to specific ecological factors or host traits, such as feeding behav­
ior, roosting environment, or microbiota-host co-evolution, which have been shown to 
play a significant role in shaping the microbial diversity in wildlife (43–45). Notably, 
PC1 accounted for the largest proportion of variance in community structure (41.19%), 
indicating that this principal component is the most significant factor contributing to 
the microbial diversity observed among these bat species. The Bray–Curtis, Weighted 
Unifrac, and Unweighted Unifrac distance metrics, which evaluate the compositional 
differences between samples, confirmed the distinct microbial profiles between the bat 
groups. Interestingly, we observed that not only did the interspecies microbial differen-
ces vary, but within-species variability also played a significant role. This finding supports 
the hypothesis that gut microbiota composition can exhibit high levels of intra-species 
variability, even among individuals of the same species (46–48). These results align with 
those of previous studies in other wild mammals, which have also found considerable 
gut microbiota variation within species, potentially influenced by factors such as age, sex, 
health status, and environmental exposure (49–51). Importantly, our study also revealed 
that different bat species could exhibit similar microbiota profiles, despite being distinct 
species. This suggests that ecological factors such as diet or habitat, rather than genetic 
differences alone, may drive microbial similarities across species.

The analysis of the dominant OTUs within our study revealed a rich diversity among 
the bacterial communities identified across various groups. The 50 predominant genera, 
representing seven distinct phyla, underscore the complexity and ecological significance 
of these microbial populations. Notably, the prevalence of Proteobacteria with 21 genera, 
including Yersinia, Serratia, and Pseudomonas, may pose a threat to human health. Our 
results demonstrate that the MB group harbors the highest richness hotspots, partic­
ularly in Actinobacteriota and Proteobacteria. This finding may reflect specific environ­
mental conditions favoring these taxa, such as nutrient availability and competitive 
interactions (52, 53). The pronounced hotspots in Verrucomicrobiota, Cyanobacteria, 
and Gemmatimonadota suggest unique ecological niches that warrant further investiga­
tion as these phyla are less frequently highlighted in microbial diversity studies. The 
distinctive profiles of the RB and PB groups, with hotspots concentrated in Proteobacteria 
and Firmicutes, respectively, indicate differing ecological strategies and adaptations to 
their environments.

The gut microbiome is pivotal in maintaining host health and influencing various 
physiological processes, including metabolism and immune response. Our findings, 
derived from KEGG and MetaCy databases, reveal significant insights into the functional 
capabilities of gut microbial communities in three bat species. The functional prediction 
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of gut microbiota based on KEGG pathway analysis highlighted six major categories, 
with Metabolism being the most prevalent. This aligns with previous research suggesting 
that metabolic pathways are fundamental to the role of gut microbiota in nutrient 
absorption and digestion (54–56). The high percentage of Human Diseases pathways 
(6.30% in RB, 5.86% in MB, and 6.34% in PB) underscores the potential impact of the 
gut microbiome on host health, particularly concerning its association with metabolic 
disorders, autoimmune diseases, and other health issues (57, 58). The second-level 
pathways revealed extensive metabolic diversity, including Carbohydrate metabolism, 
Amino acid metabolism, and Lipid metabolism. The presence of diverse carbohydrate 
metabolism pathways may suggest that these bats have adapted to exploit a variety of 
dietary sources, potentially aiding in their ecological flexibility (59–61). At the third-
level pathway analysis, the identification of pathways like D-Alanine metabolism and 
Valine, leucine, and isoleucine biosynthesis indicates that these bats possess specialized 
microbial functions that might contribute to protein synthesis and neurotransmitter 
production, further influencing metabolic health (62, 63). Our comprehensive functional 
analysis of the gut microbiota across three bat species provides essential insights into the 
metabolic capabilities and potential health implications associated with these microbial 
communities. The significant presence of pathways related to metabolism and human 
diseases emphasizes the role of gut microbiota in ecological and evolutionary contexts. 
Future studies should focus on longitudinal assessments of gut microbiome functionality 
to unravel the dynamic interactions between diet, gut microbiota, and host health. 
These findings not only contribute to our understanding of bat ecology but also offer a 
framework for exploring gut microbiome functionality in other wildlife and its implica­
tions for conservation biology.

Culturomics studies have yielded important results, and the differential abundance 
of bacterial species between the PB and RB groups suggests species-specific microbiota 
composition. The isolation of 23 and 27 bacterial species from PB and RB, respectively, 
with only five species shared between the two groups, indicates a distinct microbial 
niche that may be influenced by factors such as diet, habitat, and behavior (40–42). 
The results of the culture-based analysis also revealed the presence of recently repor­
ted bacterial species with potential pathogenicity to humans, specifically Huaxiibacter 
chinensis and Enterobacter chengduensis (64, 65). Based on prior research experience, a 
16S rRNA gene sequence similarity below 98.65% is often indicative of a potential new 
species. We appear to have identified a novel bacterial species that is closely related to 
Clostridium paraputrificum. We performed whole-genome sequencing of the strain, and 
the ANI and dDDH analyses confirmed that it represents a new species of Clostridium 
(ANI below 95%, dDDH below 70%). The detailed validation process will be reported 
in a forthcoming publication (66). This study marks the first identification of these 
species in bats, providing valuable insights for tracing the transmission pathways and 
epidemiological research related to these bacteria’s potential infection routes in humans. 
The higher diversity observed in the RB group, particularly in sample 1, which yielded 
16 species compared to only five in sample 3, points to potential environmental or 
physiological factors affecting bacterial colonization and growth. In addition, we found 
that the cultivation results further revealed that the Columbia blood agar plate was the 
most successful medium. The marginal differences in bacterial growth at 28°C and 37°C 
suggest that these bat-associated bacteria are adapted to a range of thermal condi­
tions, reflecting their ecological versatility. Furthermore, the success of slightly anaerobic 
conditions (36.65%) over strictly aerobic (35.29%) and anaerobic (28.05%) environments 
may imply a predominance of facultative anaerobes within the bat gut microbiota. 
Culturomics is essential for studying the effects of microorganisms on human health and 
is complementary to high-throughput sequencing (67, 68). Although different tempera­
tures, different oxygen levels, and different nutritional conditions can produce different 
types of intestinal bacteria, it is necessary to set as many culture conditions as possible 
when carrying out large-scale bacterial culture because there are always a few special 
bacteria that prefer certain special conditions.
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Future investigations will incorporate expanded sampling to enhance statistical 
power. Subsequent studies will explicitly address environmental influences on bat 
microbiomes, particularly the unique biogeographical and climatic features characteriz­
ing Guizhou’s karst landscapes.

Conclusion

Our research reveals significant differences in the composition and diversity of the gut 
microbiota among three bat groups (PB, MB, and RB) from Guizhou. While Proteobacteria 
predominates in all groups, its abundance varies. Notably, the high richness of OTUs in 
the MB group suggests a more diverse microbial ecosystem, underscoring the com­
plex interactions between species diversity, diet, gut microbiota, and overall ecological 
dynamics in bats. Furthermore, the substantial presence of unknown bacterial species 
in their intestines highlights the critical importance of cultivation-based approaches. 
The presence of specific taxa may have potential health implications for both bats and 
humans. These findings emphasize the need for further investigations into the functional 
roles of these microbiota and their contributions to host health. Future research should 
focus on longitudinal studies to elucidate these intricate interactions.
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