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Effects of USP25 knockout on the gut @
microbial diversity and composition in mice
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Abstract

Background The gut microbiota plays a crucial role in host health. Recent study revealed that ubiquitin-specific
protease 25 (USP25) deficiency affected colonic immune responses and resistance to certain bacterial infection. This
study aimed to investigate the impact of USP25 gene deletion on the gut microbiota of mice, utilizing 16 S rRNA
amplicon sequencing and metagenomic sequencing to provide a comprehensive analysis of microbial diversity,
composition and functional characteristics.

Methods We collected fecal samples from 10 wild type (WT) C57BL/6J mice and 10 USP25~~ mice (C57BL/6J-
Usp25°™ cyagen) for 16 S rRNA amplicon sequencing. Subsequently, the 6 of the 20 samples underwent further
analysis using metagenomic sequencing.

Results Our results revealed significant differences in the gut microbiota between USP25 knockout (KO) mice and
wild-type (WT) controls, with KO mice exhibiting 1,858 unique amplicon sequence variants (ASVs) compared to
1,723 in WT mice. Notably, the KO group displayed a higher tendency for biofilm formation and a greater proportion
of gram-negative bacteria, while the WT group demonstrated enhanced stress tolerance and a higher presence of
gram-positive bacteria. Functional prediction analyses indicated an increase in antibiotic resistance genes in the KO
mice, particularly for tetracycline, cephalosporin, and sulfonamides, suggesting a potential risk for clinical antibiotic
treatment efficacy. Moreover, KEGG pathway enrichment analysis revealed significant enrichment for fructose and
mannose metabolism, streptomycin biosynthesis in the KO group. Furthermore, an increase in protective microbes
alongside a decrease in potential pathogens in the KO microbiota hinted at altered immune responses due to USP25
deletion.

Conclusion Our findings elucidate the essential role of USP25 in modulating gut microbiota composition and
function, providing insights for future therapeutic strategies targeting gut microbiota in disease contexts.
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Introduction

Ubiquitin-specific protease 25 (USP25) belongs to the
ubiquitin-specific protease (USP) family, which plays a
pivotal role in the regulation of ubiquitin-mediated pro-
tein degradation. The ubiquitin-proteasome system is
crucial for maintaining cellular homeostasis by modulat-
ing the turnover of regulatory proteins involved in vari-
ous cellular processes, such as cell cycle, apoptosis, signal
transduction, and protein quality control [1]. USP25, in
particular, has attracted considerable attention due to its
emerging involvement in various diseases [2], including
cancer [3], neurodegenerative disorders [4], and immune
responses to viral infections [5].

Extensive studies have characterized the structural and
functional attributes of USP25 [6], which is composed of
multiple domains, including a ubiquitin-binding region
(UBR) at the N-terminus, a ubiquitin-associated domain
(UBA), a ubiquitin interacting motif (UIM), a small ubiq-
uitin-like modification domain (SIM), a catalytic USP
domain and a C-terminal crimped domain [7]. Interest-
ingly, USP25 exhibits a unique autoinhibitory mecha-
nism, wherein its homotetrameric structure, formed by
the dimerization of dimers, results in the inhibition of
its enzymatic activity [8]. This regulatory mechanism is
crucial, as it ensures that the activity of USP25 is meticu-
lously controlled within the cellular environment.

Research has elucidated the role of USP25 in antiviral
immunity, as it modulates immune responses by deubiq-
uitinating key signaling molecules such as TRAF3 and
TRAFS6, thus affecting the activation of transcription fac-
tors like IRF3 and NF-kB [9]. Furthermore, USP25 has
been implicated in neurodegenerative diseases, including
Alzheimer’s disease [10], where it affects the stability of
proteins involved in amyloid precursor protein process-
ing and the inflammatory response [11]. Recently, USP25
has also been shown associated with bone mineral den-
sity in women [12].

In the area of cancer research, the role of USP25 is
quite complex and multifaceted. USP25 has been found
to be overexpressed in various cancer tissues, including
breast [13], liver [14], pancreatic [15], and colorectal can-
cers [16], with elevated levels often correlated with poor
prognosis. The mechanistic insights of USP25 in can-
cer biology are gradually being unraveled, with studies
indicating its involvement in promoting tumor growth,
metastasis, and resistance to therapy. For instance,
USP25 has been shown to stabilize hypoxia-inducible
factor-1 alpha (HIF-1a), a key regulator of the glycolytic
pathway in pancreatic cancer, thereby promoting tumor
growth and metabolic reprogramming [15].

Investigations utilizing USP25 gene knockout (KO)
mice have yielded valuable insights into the physiologi-
cal functions [15, 16]. These USP25 KO mice exhibit
enhanced colonic immune responses and increased
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resistance to certain bacterial infection [16], thus may
affect gut microbial diversity and composition. USP25
deficiency may exert an impact on the gut microbiota
by altering the pathways within the host cells, such as
STAT3 and Wnt signaling. However, most studies have
focused on the direct cellular effects of USP25, with lim-
ited attention paid to its potential influence on the gut
microbiota.

This study aims to fill this research gap by investigat-
ing the gut microbiota composition in USP25 KO mice
through 16 S rRNA sequencing and metagenomic analy-
sis. By comparing the fecal microbiota of USP25 KO mice
with their wild-type counterparts, we aim to elucidate the
impact of USP25 on the gut microbiome and its potential
implications for host health and disease susceptibility.

Materials and methods

Gene knockout mice and sample collection

Wild type (WT) C57BL/6JCya mice and USP25~'~ mice
(C57BL/6JCya-Usp25°™!/cya, serial number: KOCMP-
30940-Usp25-B6J-VA) were both generated by Cyagen
Biosciences Inc.(Guangzhou, China). 10 WT mice and
10 USP25~'~ mice were housed separately in a specific-
pathogen-free animal facility with a 12-h dark/12-h light
cycle and fed with water and irradiation sterilized food
for laboratory mouse growth and reproduction (Xietong
Bio Inc., Jiangsu, China). The environmental temperature
and humidity were maintained at 20-26°C and 40-70%,
respectively. Sex and age details were indicated in Sup-
plementary Table 1. Before fecal sampling, each mouse
was individually and gently transferred to a separate,
clean, and disinfected cage to prevent cross-contamina-
tion. Fecal pellets were collected from the bottom of the
cage using a sterile disposable plastic spatula. Select fecal
pellets that were intact and free of contamination. Imme-
diately after collection, fecal samples were transferred
into sterile tubes and then stored at -80°C for subsequent
analysis, ensuring the integrity of the microbiome.

After the animal experiment, all mice were systemati-
cally and humanely euthanized in groups using carbon
dioxide (CO,) asphyxiation. Briefly, mice were gently
placed in a clean polyurethane box connected to a CO,
tank, with a flow rate set at 30% of the chamber volume
per minute. Mice remained in the chamber until they
ceased respiratory movements for 2 min. They were then
removed and cervically dislocated as a secondary method
of euthanasia. All experimental protocols conducted in
this study were approved by the Ethics Committee of the
Affiliated Hospital of Putian University (approval num-
ber: PYFL202308).

DNA extraction and PCR amplification
Genomic DNA from a total of 20 samples was isolated
utilizing the PF Mag-Bind Stool DNA Kit (Omega, USA),
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following strictly to the manufacturer’s guidelines. The
assessment of DNA quality was performed through
1.0% agarose gel electrophoresis, and concentration was
measured by a NanoDrop ND-2000 spectrophotometer
(Thermo Scientific, USA). And the hypervariable region
V3-V4 of bacterial 16 S rRNA gene was amplified using
primer pairs 338 F (5-ACTCCTACGGGAGGCAGCA
G-3’) and 806R (5-GGACTACHVGGGTWTCTAAT-3)
[17] by a GeneAmp 9700 PCR thermocycler (ABI, USA).
The PCR mixture consisted of 4 pL of 5 x Fast Pfu buffer,
2 pL of dNTPs (2.5 mM), 0.8 pL of each primer (5 uM),
0.4 uL of Fast Pfu polymerase, 10 ng of template DNA,
and distilled deionized water to achieve a final volume of
20 pL. The amplification procedure included initial dena-
turation at 95 C for 3 min, followed by 27 cycles com-
prising denaturation at 95 C for 30 s, annealing at 55 ‘C
for 30 s, and extension at 72 ‘C for 45 s, concluding with
a single extension step at 72 C for 10 min, and finishing
at 4 C. All samples underwent amplification in triplicate.
These PCR products were extracted from a 2% agarose
gel and subsequently purified, followed by quantification
with a Quantus Fluorometer (Promega, USA).

lllumina sequencing

Purified amplicons were combined in equal molar con-
centrations and subjected to paired-end sequencing
using the Illumina Novaseq PE250 platform (Illumina,
USA), following the standard procedures established by
Majorbio Bio-Pharm Technology Co. (Shanghai, China).
For metagenomic sequencing, six chosen DNA extracts
underwent fragmentation to achieve an average length of
approximately 400 base pairs, utilizing the Covaris M220
system (Gene Co. Ltd., China). Subsequently, a paired-
end library was generated employing the Nextflex Rapid
DNA-Seq kit (Bio Scientific, USA). The actual metage-
nomic sequencing was conducted on the Illumina Nova-
seq 6000 platform (Illumina, USA), utilizing the NovaSeq
6000 S4 Reagent Kit in accordance with the protocols.
Both sequencing data generated from this study have
been deposited in the NCBI Short Read Archive (SRA)
database (accession number: PRINA1149551).

Amplicon sequence processing and analysis

After demultiplexing, the resulting sequences were
quality-filtered with fastp (0.19.6) [18] and merged with
FLASH (v1.2.11) [19] with the following criteria: (1)
the reads were truncated at any site receiving an aver-
age quality score of <20 over a 50-base pairs (bps) slid-
ing window, and the truncated reads shorter than 50 bps
were discarded, reads containing ambiguous charac-
ters were also discarded; (2) only overlapping sequences
longer than 10 bps were assembled according to their
overlapped sequence. The maximum mismatch ratio of
overlap region is 0.2. Reads that could not be assembled
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were discarded; (3) samples were distinguished according
to the barcode and primers, and the sequence direction
was adjusted, exact barcode matching, 2 nucleotide mis-
match in primer matching.

Then the high-quality sequences were de-noised using
the DADA2 [20] plugin in the QIIME2 [21](version
2020.2) pipeline with recommended parameters, which
obtains single nucleotide resolution based on error pro-
files within samples. DADA2-denoised sequences are
usually called amplicon sequence variants (ASVs). Taxo-
nomic assignment of ASVs was performed using the
Naive Bayes consensus taxonomy classifier implemented
in QIIME2 and the SILVA 16 S rRNA database (v138).
The metagenomic function was predicted by PICRUSt2
[22] based on ASV representative sequences. PICRUSt2
is a software containing a series of tools as follows:
HMMER was used to align ASV representative sequences
with reference sequences. EPANG and Gappa were used
to put ASV representative sequences into a reference
tree. The castor was used to normalize the 16 S gene cop-
ies. MinPath was used to predict gene family profiles and
locate the gene pathways. The entire analysis process was
according to the protocols of PICRUSt2. Functional pre-
diction analysis of the mouse gut microbiota was con-
ducted based on the BugBase phenotype database [23].

Bioinformatic analysis of 16 S rRNA sequencing

Bioinformatic analysis of the gut microbiota was con-
ducted using the Majorbio Cloud platform (https://c
loud.majorbio.com). Utilizing Mothur (v1.30.2), ASV
data was used to calculate rarefaction curves and alpha
diversity metrics, including observed ASVs, ACE, Chao,
Shannon index, Simpson index and Good’s coverage
[24]. The similarity among the microbial communities
across different samples was evaluated through principal
coordinate analysis (PCoA) and PERMANOVA based
on Bray-Curtis dissimilarity, using Vegan v2.4.3 pack-
age. The linear discriminant analysis (LDA) effect size
(LEfSe) [25] was performed to identify the significantly
abundant taxa (phylum to genera) of bacteria among the
different groups (LDA score>3, P<0.05). Since there is
a multicollinearity problem among the clinical param-
eters, the variance inflation factor (VIF) for each vari-
able was estimated using the car package (https://cran
.r-project.org/web/packages/car/car.pdf). The distanc
e-based redundancy analysis (db-RDA) was performed
using Vegan v2.4.3 to investigate the effect of clinical
parameters on gut bacterial community structure. Linear
regression analysis was applied to determine the associa-
tion between major clinical parameters identified by db-
RDA analysis and microbial alpha diversity indices. The
co-occurrence networks were constructed to explore
the internal community relationships across the samples
[26]. A correlation between two nodes was considered to
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be statistically robust if the Spearman’s correlation coef-
ficient was over 0.6 or less than — 0.6, and the P-value was
less than 0.05.

Processing of metagenome sequencing data

The metagenomic data were also analyzed on the online
platform (Majorbio Cloud Platform). Briefly, the raw
sequencing reads were trimmed of adaptors, and low-
quality reads (length <50 bps or with a quality value <20
or having N bases) were removed by fastp (https://gith
ub.com/OpenGene/fastp, version 0.20.0). Reads were
aligned to the murine genome (GCA_000001635.9)
by BWA [27] (http://bio-bwa.sourceforge.net, version
0.7.17) and any hit associated with the reads and their
mated reads were removed. The quality-filtered data were
assembled using MEGAHIT [28] (https://github.com/vo
utcn/megahit, version 1.1.2). Contigs with a length > 300
bps were selected as the final assembling result. Open
reading frames (ORFs) from each assembled contigs were
predicted using Prodigal v2.6.3 (https://github.com/hyatt
pd/Prodigal) and a length =100 bps ORFs were retrieved.
A non-redundant gene catalog was constructed using
CD-HIT [29] (http://weizhongli-lab.org/cd-hit/, version
4.7) with 90% sequence identity and 90% coverage. Gene
abundance for a certain sample was estimated by SOA-
Paligner [30] (https://github.com/ShujiaHuang/SOAPalig
ner, version soap 2.21) with 95% identity.

Taxonomic and functional annotation

The best-hit taxonomy of non-redundant genes was
obtained by aligning them against the NCBI NR database
by DIAMOND [31] (http://ab.inf.uni-tuebingen.de/soft
ware/diamond/, version 2.0.11) with an e-value cutoff of
le-5. Similarly, the functional annotation (GO, KEGG,
eggNOG, ARDB, CARD, PHI) of non-redundant genes
was obtained. Based on the taxonomic and functional
annotation and the abundance profile of non-redundant
genes, the differential analysis was carried out at each
taxonomic, functional, or gene-wise level by the Kruskal-
Wallis test.

Results
16S rRNA amplicon sequencing data summary
In this study, 16S rRNA amplicon sequencing was applied
to reveal the differences in the gut microbiome between
USP25 knockout (KO) mice (n=10) and wild-type (WT)
mice (n=10). To show that USP25 is not expressed in the
KO mice, RNA was extracted from the blood of both KO
and WT mice and quantitative PCR was performed using
specific USP25 primers. We detected the expression of
USP25 mRNA in WT mice, while USP25 mRNA was not
detected in KO mice (Data not shown).

A total of 709,142,222 bps and 1,679,292 sequences
were obtained from the raw data, with an average of
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83,965 19,334 sequences per sample and an average
of 422.4+2.4 bps per sequence (Supplementary Table
2). All sequences were then processed by DADA2 and
the denoised sequences were usually called amplicon
sequence variants (ASVs). After processing, a total of
720,935 clean sequences and 8,122 ASVs were obtained,
and the average ASV numbers obtained from USP25 KO
(427.9+£39.4) and WT (384.3+73.3) mice were not sig-
nificantly different (Supplementary Table 2). KO and WT
mice shared 224 common ASVs, with 1,858 and 1,723
unique ASVs, respectively.

To explore the microbial diversity in these two groups,
we then analyzed Chao, coverage, Shannon, Simp-
son, ACE, and Sobs, as the six common alpha diversity
indexes of the gut microbe. All six indexes showed no
significant difference in microbiota diversity between the
USP25-KO and WT mice (Fig. 1A and Supplementary
Fig. 1). Though the Wilcoxon rank-sum test of beta diver-
sity analysis showed no significant difference (P>0.05,
Fig. 1B), hierarchical clustering analysis (ASV level) using
the Bray-Curtis dissimilarity metric demonstrated dis-
tinct clustering patterns between the USP25-KO and W'T
groups (Fig. 1C). And heatmap of dissimilarity between
samples also revealed the differences between these two
groups (Fig. 1D). Principal coordinates analysis (PCoA)
using Bray-Curtis distances generated from relative
abundances of ASV level was performed. The first princi-
pal axis (PC1) could explain 36.38% of the sample differ-
ences, and the second principal axis (PC2) could explain
14.82% of the sample differences (Fig. 1E). The PCoA plot
showed a clear separation between the microbial pro-
files of the USP25-KO and WT groups on the PCl-axis.
Furthermore, Principal component analysis (PCA) and
non-metric multidimensional scaling analysis (NMDS)
were performed and confirmed the significant differences
(Supplementary Fig. 1). These findings indicate that a
lack of USP25 alters gut microbial diversity in adult mice.

Taxonomic composition of the gut microbiota in USP25 KO
and WT mice

Briefly, USP25 KO and WT mice shared common 14
phyla, 111 genera, and 224 ASVs (Fig. 2A). Compared
with the WT group had unique 3 phyla, 50 genera, and
1,723 ASVs, the KO group especially possesses 3 phyla, 64
genera, and 1,858 ASVs. Circos plot indicated the relative
composition distribution of gut microbiota between indi-
vidual samples and specific phyla. The top 5 dominant
phyla of the two groups were Fimicutes, Bacteroidota,
Verrucomicrobiota, Actinobacteriota, and Campilobacte-
rota (Fig. 2B). Individual taxonomic composition of the
gut microbiota at the genus level were shown in Fig. 2C,
Lactobacillus, norank_f Muribaculaceae, unclassified_f_
Lachnospiraceae, Bacteroides, and Alistipes were the top
5 dominant genera in the two groups.
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The gut microbiota difference between USP25 KO and WT
mice

To further determine the effect of USP25 deficiency on
the specific gut microbial communities, a Wilcoxon rank-
sum test and a Linear discriminant (LDA) and effect size
(LEfSe) analysis were performed to discover the different
biomarkers in the microbiomes between groups (Fig. 3).
At the genus level, norank_f Muribaculaceae, Bacteroi-
des, Alloprevotella, Prevotellaceae UCG-001, norank_
Oscillospiraceae, and unclassified_f Oscilospiraceae were
enriched significantly in the WT mice, whereas Alistipes,
Lachnospiraceae_NK4A136_group, Odoribacter, and
Enterorhabdus were enriched significantly in USP25-
KO group (Fig. 3A). At the class level, Coriobacteriia,
and Deferribacteres were enriched in USP25-KO mice,
whereas Bacteroidia, Gemmatimonadetes, and Vam-
pirivibrionia were enriched in the WT mice (Fig. 3B-C).
At the order level, Coriobacteriales, Flavobacteriales,
Rhizobiales, Clostridiales, and Deferribacterales were
enriched in the KO mice, while Bacteroidales, Oscillo-
spirales, Gemmatimonadales, Gastranaerophilales, and
Rhodospirillales were enriched in the WT mice (Fig. 3B-
C). At the family level, Rikenellaceae, Marinifilaceae,
Butyricicoccaceae, Flavobacteriaceae, Clostridiaceae,
Deferribacteraceae, Streptococcaceae, Eggerthellaceae,
and Atopobiaceae were enriched in the KO mice, while
Muribaculaceae, Prevotellaceae, Bacteroidaceae,

Oscillospiraceae, Erysipelatoclostridiaceae, Gemmati-
monadaceae, Acholeplasmataceae, and Tannerellaceae
were enriched in the WT mice (Fig. 3B-C). 60 impor-
tant taxonomic differences between the two groups were
indicated in Fig. 3C. Taken together, these results suggest
that systemic USP25 deletion alters the enrichment of the
specific gut bacteria in mice.

Phenotype prediction of mice based on 16 S rRNA
sequencing

Functional prediction analysis of the mouse gut micro-
biota was conducted based on the BugBase phenotype
database. As shown in Fig. 4A, the significant differences
in phenotype between these two groups were forms
biofilms, facultatively anaerobic, gram-negative, gram-
positive, and stress tolerant. In USP25-KO mice, the
microbial communities predominantly exhibit gram-neg-
ative and demonstrate a propensity for biofilm formation.
Conversely, the WT group is inclined to harbor gram-
positive bacteria that are more facultatively anaerobic
and possess enhanced stress tolerance. Contributions of
different gut microbiota at the genus level were described
by stacked bar chart in Fig. 4B-F. Increased abundance
of Erysipelatoclostridium, Candidatus Stoquefichus, and
unclassified_f Erysipelotrichaceae made the WT group
more facultatively anaerobic (Fig. 4B). Enterorhabdus and
Parvibacter were the dominant microbes in KO mice in
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forming biofilms (Fig. 4C). Norank_ f Muribaculaceae, = Taxonomic composition and difference based on
Helicobacter, Alistipes, and Odoribacter contribute to  metagenomic sequencing
gram-negative in the USP25 KO group, while Lactoba- Metagenomic sequencing data showed that USP25-
cillus and norank_f Ruminococcaceae in the WT group KO and WT mice shared common 109 phyla, 1,452
showed gram-positive (Fig. 4D-E). Reduce of Lactobacil-  genera, and 5,222 species (Fig. 5A). Compared
lus and gain of Alistipes lead to less stress tolerance in the ~ with the WT group, the KO group especially pos-
microbial communities of USP25 KO mice (Fig. 4F). sesses 16 phyla, 397 genera, and 1,992 species. Fig-
ure 5B presents the detailed composition of the gut
microbiota of individual samples at the genus level.
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Bacteroides, unclassified_f Lachnospiraceae, Prevotella,
Ligilactobacillus, Muribaculum, Duncaniella, Alis-
tipes, unclassified_f Muribaculaceae, Barnesiella, and
Lactobacillus were the 10 dominant genera in the gut
microbiota of both groups (Fig. 5B). Bacteroides, Ligilac-
tobacillus, Parabacteroides, unclassified_f Bacteroida-
ceae, Erysipelatoclostridium, and Muribaculum reduced
significantly (P <0.05) in USP25 deficient mice (Fig. 5C).
To explore the functional potential of the gut micro-
biota and to find some specific metabolic pathways, a
KEGG pathway enrichment analysis was conducted.
As was shown by the Venn plot in Fig. 6A, USP25-KO
and WT mice shared 381 common KEGG pathways,
while KO and WT respectively possess 8 and 22 unique
pathways. The top 10 pathways of significant difference
between the two groups were fructose and mannose
metabolism, streptomycin biosynthesis, other glycan
degradation, propanoate metabolism, inositol phosphate
metabolism, degradation of aromatic compounds, acar-
bose and validamycin biosynthesis, meiosis-yeast, naph-
thalene degradation, and retinol metabolism (Fig. 6B).

And 25 most enriched KEGG pathways in either KO or
WT groups were shown in Fig. 6C.

Function analysis of metagenomic data

The metagenomic analysis of the microbiome samples
revealed a significant presence of antibiotic-resistance
genes, as elucidated by the ARDB and CARD data-
bases. The results indicated a substantial variation in
the proportions of resistance genes between the KO
and WT samples, with several genes showing statisti-
cally significant differences (P<0.05), denoted by aster-
isks in Fig. 7. The top 3 antibiotic types with significant
differences were tetracycline, cephalosporin, and sul-
fonamide (Fig. 7A). Notably, the genes ZP_ 03923764
and ZP_002236533 exhibited higher proportions in
the KO group compared to the WT (Fig. 7B). Con-
versely, the other 8 genes ZP_03958019, ZP_03284557,
ZP_02068298, YP_001969930, BAD65785, ZP_04623431,
AAD23513, and ZP_03013260 were found in lower pro-
portions in the KO samples. The genes optrA, ImrD,
tetB(P), tetT, and ImrC were higher in the WT group
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while vanSA, vanSM, vanSE, c¢fr(B), and smeR showed
higher proportions in the KO mice (Fig. 7C).

In the probiotic category, the KO samples showed
higher proportions of beneficial microbes such as Clos-
tridium species, Bacillus species and Faecalibacterium
prausnitzii, and possessed lower proportions of Lacto-
bacillus murinus and Lactobacillus species, with P-val-
ues indicating significant differences compared to their
WT counterparts (Fig. 8A). The pathogen species analy-
sis indicated a reduced proportion of potential human
pathogens such as Enterococcus faecalis, Francisella
tularensis and Actinobacillus pleuropneumoniae, and
a possible increase of Enterococcus faecium and Vib-
rio vulnificus in the USP25 deficient samples (Fig. 8B).
Furthermore, the virulence factors analysis based on
VEDB database (Fig. 8C) depicted a notable increase
in the presence of various virulence factors (VFs) in
the KO samples, including alginate (VF0091), polar fla-
gella (CVF786), LPS (VF0033) and heme biosynthesis

(CVF506), with decreased VFs such as capsule (VF0003),
cytolysin (VF0356), colibactin (VF0573), Esp (VF0353),
LPS (VF0171), and pyoverdine (CVFE551) (P<0.05). These
changes indicated a complex pathogenic potential due to
the USP25 deficiency.

Discussion

In the present study, utilizing advanced sequencing tech-
niques, including 16 S rRNA amplicon sequencing and
metagenomic analysis, we investigated the effects of
USP25 gene deletion on the gut microbiome in mice, with
a particular focus on its implications for microbial diver-
sity and composition. Overall, the knockout of USP25
appears to have little impact on the alpha or beta diversity
of the gut microbiota. Indexes of alpha diversity, which
measure community richness (Sobs, Chao, and ACE) and
evenness (Shannon, Simpson), show no significant differ-
ences between the KO and WT mice (Fig. 1 and Supple-
mentary Fig. 1). This suggests that while USP25 may play
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a role in shaping the gut microbiota, its influence is not
substantial. However, the distinct microbial composition
observed between the two groups underscores the poten-
tial functional consequences of USP25 deficiency on the
gut microbiota.

The Circos plot in Fig. 2B illustrated the dominant
phyla of the gut microbiota in both groups, primarily
composed of Firmicutes, Bacteroidota, Verrucomicrobi-
ota, Actinobacteriota, and Campilobacterota. This com-
position aligns with previous studies, underscoring the
prevalence of these phyla in gut microbial communities
[32]. While 16 S rRNA sequencing and metagenomic
sequencing revealed distinct microbial communities
between groups, several genera exhibited high abundance

rankings in both analyses. These included Bacteroides,
unclassified_f Lachnospiraceae, Prevotellaceae, Murib-
aculum, Alistipes, Lactobacillus, and norank_f__Murib-
aculaceae. Notably, metagenomic analysis showed that
the abundance of Bacteroides, Ligilactobacillus, Parabac-
teroides, Erysipelatoclostridium, and Muribaculum was
significantly reduced in the KO group compared to the
WT group. This may highlight the complementary nature
of the two sequencing methods in uncovering differential
microbial profiles.

In this study, we observed that metagenomic sequenc-
ing offers a more comprehensive view of microbial
communities (2,151 genera in total) compared to 16 S
rRNA amplicon sequencing (225 genera in total), which
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primarily focuses on bacterial identification. Despite the
similarities in findings between 16 S rRNA and metage-
nomic sequencing, discrepancies in community abun-
dance were noted. For instance, the abundance of certain
genera, such as Bacteroides, Muribaculum, Alistipes,
and Lactobacillus, varied between the two sequencing
methods. These differences may stem from the inherent
limitations of each technique [33]. 16 S rRNA sequenc-
ing might introduce biases due to unequal amplifica-
tion of species’ 16 S rRNA genes, while metagenomic
sequencing could lack sufficient depth to detect the 16 S
rRNA genes of rare species within the community [34].
Moreover, the application of PICRUSt2 for functional
prediction of 16 S rRNA gene data is subject to certain
limitations, primarily due to its reliance on existing ref-
erence genome databases and the inherent assumptions
regarding phylogenetic relationships [35]. The finite
scope of these databases inevitably constrains the accu-
racy and comprehensiveness of functional annotations.
Additionally, the complexity of phylogenetic relationships
means that significant functional variations can occur
even among microorganisms that are closely related phy-
logenetically [36]. These factors highlight the importance
of considering the specific strengths and limitations of
each sequencing method when interpreting microbial
community data.

Phenotype prediction based on Bugbase indicates
a propensity for biofilm formation and an increased
abundance of gram-negative bacteria in USP25 KO
mice, whereas WT mice exhibit a greater representa-
tion of facultatively anaerobic, gram-positive bacteria

and enhanced stress tolerance. This observation implies
that USP25 may influence microbial survival strategies
and community structure. The capacity of certain bac-
terial species to form biofilms is known to impact their
resilience within the gut environment and contribute to
pathogenesis in various conditions, including inflamma-
tory bowel disease [37]. Furthermore, the stress tolerance
predicted in the WT microbiota raises concerns about
the ecological stability of the KO microbiome and its
implications for disease susceptibility. Investigating the
mechanisms underlying these behavioral shifts may yield
valuable insights into the role of USP25 in microbiome-
host interactions and the potential for clinical applica-
tions targeting microbial behavior to enhance gut health
[38].

The functional predictions indicating an increase in
antibiotic resistance genes within the gut microbiota of
USP25 KO mice present a concerning trend with poten-
tial clinical implications. The heightened prevalence of
resistance genes against tetracycline, cephalosporin, and
sulfonamides suggests that USP25 may play a critical
role in regulating microbial resistance mechanisms [39,
40]. This finding aligns with emerging evidence linking
genetic factors to the emergence and spread of antibiotic
resistance within microbial communities. Consequently,
further research is necessary to elucidate the pathways
through which USP25 modulates resistance gene dynam-
ics and to explore potential interventions that could
restore microbial balance and enhance antibiotic efficacy.

In addition to the aforementioned observations, this
study also has several limitations. For instance, the lack of
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molecular pathway analysis in host cells limits our under-
standing of how changes in physiological and immune
functions in mice following USP25 deficiency impact
the composition and function of the gut microbiota.

Furthermore, the absence of metabolite (or metabolome)
measurements precludes us from identifying which mol-
ecules or metabolites such as short chain fatty acids,
lipopolysaccharides and peptidoglycan are altered after
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USP25 deficiency and how these changes influence the = comprehensive understanding of the interplay between
regulation of intestinal cell states by microorganisms, USP25, gut microbiota, and host health.

thereby affecting host health [41]. Future research should

focus on integrating multi-omics approaches, including Supplementary Information

metabolomics and transcriptomics, to provide a more The online version contains supplementary material available at https://doi.or
9/10.1186/512866-025-04035-y.
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Supplementary Material 1
Supplementary Material 2

Supplementary Material 3: Boxplot illustrating comparisons of 2 alpha
diversity indexes ACE (A) and observed ASVs (Sobs) (B) between groups.
n=10. Principal component analysis (PCA) (C) and non-metric multidi-
mensional scaling (NMDS) (D) of the gut microbiota using the Bray-Curtis
distance metric.
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