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ABSTRACT

Introduction Metformin (MET) can regulate glucose
and lipid levels, and the gut microbiota may be involved
in the control of metabolism. We hypothesized that MET
alleviates glucolipid metabolism disorder by modulating
gut microbiota and microbial metabolites.

Research design and methods A total of 24 male
C57BL/6 J mice were equally divided into three groups
(normal control, model control (MC), and MET-treated
groups). Model mice were established by feeding a
high-fat diet for 6 weeks. The MET-treated group was
administered MET solution (2.59/100 mL, 250 mg/

kg). Fecal samples were collected to characterize

the microbiota system using metagenomic shotgun
sequencing and gas chromatography—time of flight-mass
spectrometry analysis. Phenotypic and biochemical indices
were obtained for further correlation analysis.

Results Compared with the MC group, MET reduced
the levels of weight, glucose, areas under the glucose
curve in the glucose tolerance test, triglyceride (TG),

and total cholesterol (TC). A decreasing abundance of
bacteria, including Parabacteroides distasonis, and an
increasing abundance of bacteria, including Bacteroides
vulgatus, were observed in the MET-treated group. The
2-deoxytetronic acid declined after MET intervention and
was positively correlated with species over-represented
in the MC group and negatively correlated with species
enriched in the MET-treated group. Additionally, species
enriched in the MET-treated group negatively correlated
with glucose, areas under the glucose curve in the glucose
tolerance test, and TGs. Further, the correlation between
the differential metabolites, which decreased after MET
intervention, and the phenotypic indices was positive.
Conclusions MET-induced restoration of intestinal
homeostasis correlates with the amelioration of host
glucolipid metabolism.

INTRODUCTION

Diabetes and dyslipidemia are risk factors for
cardiovascular disease, and diabetes combined
with dyslipidemia increases the risk of macro-
vascular and microvascular complications of
cardiovascular disease." Moreover, dyslipidemia
is the leading risk factor of fatal and non-fatal
myocardial infarction among patients with
diabetes.” Epidemiological investigations in
China have shown that 42% of patients with type
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WHAT IS ALREADY KNOWN ON THIS TOPIC

= Metformin (MET) can regulate glucose and lipid me-
tabolism, and gut microbiota and metabolites might
be involved.

WHAT THIS STUDY ADDS

= MET restores intestinal homeostasis and amelio-
rates the host metabolism.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= This study provides a reference for the full un-
derstanding of the mechanism of MET in treating
glucolipid metabolism disorders, especially the in-
volvement of gut microbiota.

2 diabetes mellitus (T2DM) have dyslipidemia,
and the control situation is far from satisfactory.'
Statins, ezetimibe and PCSK9 inhibitors have
been recommended for the management of
dyslipidemia in patients with T2DM.”* However,
the occurrence of statin-associated muscle symp-
toms and the reduction in compliance caused by
combination therapy have made it necessary for
alternative and complementary treatment.”
Metformin (MET) has been used as a first-
line therapy for T2DM, and a previous study
reported the lipid-lowering effect of MET in
patients with T2DM.” Further research has
demonstrated that MET can reduce TC and
low-density lipoprotein cholesterol levels
among patients without diabetes® and even
improve carbohydrate and lipid metabolic
profiles in glucocorticoid-treated patients.” A
deeper exploration of the intervention mech-
anism suggested that the antidiabetic effect of
MET is mediated by the alteration of the gut
microbiota.'’ Furthermore, prebiotic feeding
leads to the normalization of the microbiota,
which corresponds to the improvement of the
metabolic situation in diabetic mice."" Prebi-
otic feeding also exhibits beneficial effects on
serum cholesterol metabolism in participants
with dyslipidemia.'” Thus, we hypothesized
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that MET alleviates T2DM with dyslipidemia via modula-
tion of gut microbiota and microbial metabolites.

In this study, we intended to obtain the correlation
between the composition of the gut microbiome and
glucolipid-related clinical parameters in the context of
MET intervention. An exploratory experiment using
24 mice was designed, and these mice were randomly
assigned to the normal control (NC), model control
(MC), and MET groups. Metagenomic shotgun
sequencing and gas chromatography-time of flight-mass
spectrometry (GC-TOF-MS) analysis of the gut micro-
biota and microbial metabolites were used to charac-
terize the gut microbiome.

MATERIALS AND METHODS

Animal models and study design

Male C57BL/6] mice (Beijing Vital River Laboratory
Animal Technology Co., Beijing, China) aged 7 weeks
were housed under a 12-hour light-dark cycle in a specific
pathogen-free facility. All mice were fed sterile water and
rodent chow (SPF-F02-001; SPF (Beijing) Biotechnology
Co., Beijing, China) ad libitum during a 1-week acclima-
tization period. To reduce the cage effect, four mice were
housed in each cage. To reach the required minimum
biological replicates” '* and to reduce the number of
experimental animals as possible, a total of 24 mice were
randomly divided into the NC, MC and MET groups
according to their body weights and glucose, and Excel
software was used to generate the random number. Mice
in the NC group were fed regular rodent chow, while mice
in the MC and MET groups were fed a 6-week high-fat diet
(HFD) providing 60 kcal% from fat (D12492; Research
Diets, New Brunswick, New Jersey, USA) to develop an
HFD-induced model mice (fasting blood glucose level
of 27.0mmoL/L and a weight increase of 230%). The
mice in the MC and MET groups were fed the same HFD
as before during the intervention period. The blood
glucose level and weight of the mice were measured every
week and every 2 weeks. Fecal samples were collected at
the end of the 8-week intervention and then frozen and
stored at —80°C until analysis. Cervical dislocation was
performed after the mice were fasted overnight at the
end of the 8-week intervention period.

Drug administration

The mice in the NC and MC groups were administered
distilled water (10mL/kg) to mimic the effects of oral
gavage. The mice in the MET group were administered
a MET solution (2.5g/100mL, 250 mg/kg). MET hydro-
chloride tablets (Sino-American Shanghai Squibb Phar-
maceuticals) were grinded into powder and dissolved in
distilled water. All administrations were conducted once
a day for 8 weeks.

Biochemical examinations

A OneTouch glucometer (Roche, Basel, Switzerland) was
used to measure tail vein glucose levels. Serum samples
for lipid measurement were harvested from eyeball blood.

The levels of triglyceride (TG) and total cholesterol
(TC) were detected using the oxidase method, and high-
density lipoprotein cholesterol (HDL-C) and low-density
lipoprotein cholesterol (LDL-C) were detected using the
selective inhibition method on an automatic biochem-
istry analyzer (Olympus AU480; Olympus Corporation,
Tokyo, Japan). The oral glucose tolerance test (OGTT)
for each mouse was performed 2-3 days prior to sacrifice.
Glucose levels were plotted against time, and the areas
under the glucose curve for the period of 0-120min
after the administration of an oral gavage of glucose at
a concentration of 2g/kg of body weight were calculated
following the trapezoidal rule.

Metagenomic shotgun sequencing

Eight fecal samples were obtained from each of the eight
mice in each group at the end of the 8-week intervention
period. Bacterial chromatin was extracted using a DNA
Stool kit (Qiagen Bioinformatics Co., Hilden, Germany)
according to the manufacturer’s protocol. Subsequently,
PCR was performed after ligating the adapters, size selec-
tion, and tailed random primers to obtain sufficient ampli-
fication products for library construction. The libraries
were prepared using the NEBNext Ultra DNA Library
Prep Kit for Illumina, and their quality was validated with
a DNA LabChip 1000 kit on an Agilent 2100 Bioanalyzer
(Agilent Technologies, Wokingham, UK). Clusters were
generated by bridge amplification within paired-end
flow cells using the Illumina TruSeq PE Cluster Kit v3-c-
Bot-HS, according to the manufacturer’s instructions.
After cluster generation, paired-end sequencing was
performed on an Illumina HiSeq 2000 platform using
the TruSeq SBS Kit v3-HS. Unpaired reads were excluded
from the clean reads. High-quality sequencing reads were
de novo assembled into long contigs or scaffolds, which
were used for gene prediction, taxonomic classification,
and functional annotation. Detailed process for metag-
enomic shotgun sequencing was provided in online
supplemental additional file 1.

Metagenome assembly and construction of the gene catalog
Metagenome assembly was performed using SOAPde-
novo'’ V.2.04. Open reading frames were predicted using
MetaGeneMark'® V.3.26, and those shorter than 100 nt
were filtered from the predicted results using default
parameters. We then used '"Cluster Database at High
Identity with Tolerance to obtain a non-redundant gene
catalogue (at 95% identity and 90% coverage). The clean
data of each sample were mapped to the non-redundant
gene set using SoapAligner V.2.21. The abundance of
each gene in each sample was calculated based on the
number of reads mapped to each gene.

Taxonomic and functional assignment of genes

SoapAligner V.2.21"® was used to align clean reads with
microbial reference genomes downloaded from the
National Centre for Biological Information. Individual
genes were binned into coabundance gene groups
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(CAGs) using a canopy-based algorithm." These CAGs
were annotated to species, genus, etc, using associated
profiles based on the Reference Sequence database
of National Center for Biotechnology Information.*
Sequenced-based abundance profiling was performed
as previously described.”’ The relative gene abundance
profile was summarized into the Kyoto Encyclopedia of
Genes and Genomes (KEGG) database®? for the func-
tional analysis using BLAST V.2.2.28+. We obtained
the relative abundance of each KEGG Orthology (KO)
based on the functional annotation results and gene
abundances.

Microbial composition analysis

The Shannon-Wiener diversity index and Simpson diver-
sity index based on the genera profiles were calculated
to estimate the alpha diversity. Unconstrained principal
coordinate analysis (PCoA) presented the overall differ-
ences in the microbial community structures using the
ade4 package,” which was confirmed by permutational
multivariate analysis of variance (PERMANOVA, Adonis
analysis) based on Bray-Curtis dissimilarity values and
analysis of similarity (ANOSIM) with 9999 permutations
using the vegan package. Linear discriminant analysis
effect size (LEfSe)*! (using a default linear discriminant
analysis (LDA) score of 3) was employed to identify high-
dimensional biomarkers from the three groups. Two-
way analysis of variance (ANOVA) test was conducted to
validate the results from LEfSe. All visualizations were
performed using the R platform.

GC-TOF-MS raw data preprocessing and annotation

All samples were analyzed using an Agilent 7890 gas chro-
matograph coupled with a Pegasus HT time-of-flight mass
spectrometer. We performed peak extraction, baseline
filtering and correction, deconvolution, peak integration,
and peak alignment using the Chroma TOF 4.3X soft-
ware (LECO Corporation, St. Joseph, Michigan, USA).
The metabolites were identified based on the LECO-
Fiehn Rtxb database by matching the mass spectrum and
retention index. Detailed process for GC-TOF-MS anal-
ysis is provided in online supplemental additional file 1.

Metabolomics profile analysis

Multivariate statistical analyses were performed based on
the normalized peak areas of metabolites using the ade4
package,” including orthogonal projection to latent
structure—discriminate analysis (OPLS-DA). To obtain
the unique metabolites of each sample, we set the vari-
able importance in the projection (VIP) values to >1 and
Student’s t-test to p<0.05. In addition, we used the KEGG
database to link the differential metabolites to metabolic
pathways.

Statistical analysis

Statistical analyses of the results were performed by asses-
sors and statisticians blinded to the group allocation.
All statistical analyses were performed using the R soft-
ware. Data are presented as the mean+SE of the mean.

ANOVA, Kruskal-Wallis or Wilcoxon rank-sum test was
used for comparisons between groups when appropriate.
We calculated the Spearman rank correlation coeffi-
cient using the R package of ‘psych’ between genera and
metabolites and genera and phenotypic indices based on
the relative abundance profile of genera. Multivariate
analysis by linear models (MaAsLin) was used for further
correlation analysis between genera and metabolites
using the ‘MaAsLin’ package. P values were corrected
and determined using the false discovery rate (FDR)
method.

RESULTS

Phenotypic and biochemical changes

We did not observe any significant differences in weight
and tail vein glucose among the groups at baseline or
between the MC and MET groups prior to interven-
tion. Fed with 6-week HFD, the weight and tail vein
glucose of the MC and MET groups were significantly
increased (both p<0.01; figure 1A,C). MET reduced the
weight and tail vein glucose after an 8-week oral admin-
istration, compared with the MC group (p<0.05 and
p<0.001; figure 1B,D). The OGTT and the area under
the curve (AUC) of the OGTT also showed the glucose-
lowering effect of MET (p<0.01; figure 1E,F). In addi-
tion, we detected remarkable decreases in TC and TG
levels (p<0.0001 and p<0.001, respectively; figure 1G).
However, neither HFD nor MET interfered with HDL-C
or LDL-C levels.

Gut microbial composition alterations identified by shotgun
metagenomic sequencing

On the Illumina platform, a total of 0.395 Gb clean reads
were generated, with an average of 4.961+0.877 Gb bases
per read (online supplemental additional file 2). To char-
acterize the bacterial richness, rarefaction analysis was
performed. The curve of number of species of all samples
was near saturation (figure 2A), which suggested that the
sequencing data were large enough to reflect the compo-
sition of the gut microbiota. The number of genes in the
three groups was also counted separately, and the NC
group displayed a higher abundance (both p<0.001, NC
vs MC, NC vs MET; Kruskal-Wallis test; figure 2B). Alpha
diversity was significantly different between NC and MC as
well as between NC and MET, indicating that NC recruited
more bacterial species than MC and MET (both p<0.001,
NC vs MC, NC vs MET; figure 2C). However, there were
no statistically significant differences between the MET
and MC groups. The depletion of genes may reflect the
lack of healthy microbiota in the MC and MET groups,
which is consistent with previous findings.” The bacterial
community structures of the three groups were signifi-
cantly different (ANOSIM: R=0.951, p=0.0001; figure 2D;
PERMANOVA: R=0.708, p=0.001; figure 2E). Differences
in the gut microbiota among the NC, MC, and MET
groups were significant and detectable at the species level
(figure 2F). The Wilcoxon sum-rank test was applied to
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 bacterium_M

at the end of the 8-

week intervention and analyzed using metagenomic shotgun sequencing. (A) Accumulated and shared curve of species profile.
The curve in all samples was near saturation when the sequencing data are great enough with few new genes undetected.

(B) Comparison of the microbial gene count based on the genera profile in the three groups (Kruskal-Wallis test). (C) Gut
microbiota alpha diversity at species level. (D) ANOSIM test on distance of Bray within and between groups. (E) PCoA of gut
microbial composition by distance of Bray among samples. (F) Ternary plot of the main species in three groups. *P<0.05,
**P<0.01, **P<0.001, ***P<0.0001. ANOSIM, analysis of similarity; MC, model control; MET, metformin; NC, control group; ns,

not significant; PCoA, principal coordinate analysis.

distinguish the genus and species profiles, showing the
gut microbiota with a higher relative abundance in each
group (online supplemental additional file 3). At the
genus level, Lachnospiraceae bacterium A4 and Helicobacter
in the NC group, Parabacteroides in the MC group, and
Bacteroides in the MET group dominated. At the species
level, Helicobacter rodentium was dominant in the NC
group, while Parabacteroides distasonis in the MC group
and Bacteroides vulgatus and B. fragilis in the MET group
prevailed. We further compared the changes in the gut
microbiota among the three groups using LEfSe analysis.
The histogram of the LDA scores revealed a clear differ-
ence among mice from the NC, MC, and MET groups
at the species level (LDA score >3, online supplemental
additional file 4). A stricter comparison is presented in
figure 3A (LDA score >4). Uncultured Bacteroidales bacte-
rium (H6, M1, M2, M5, M9, M12, M13, and M14), uncul-
tured L. bacterium (A4, 3-1), Parabacteroides sp YL27 and
H. rodentium were the most overrepresented genera in
the NC, while B. bacterium M6, P. distasonis, uncultured
L. bacterium 28-4, B. acidifaciens, Bacteroides sp 2-1-33B,
Lactococcus lactis, Parabacteroides sp D26, B. uniformis and
B. thetaiotaomicron were the most significantly abundant in

the MC group. Uncultured phages crAssphage, B. vulgatus
(including CAG 6), B. fragilis, Bacteroides sp 4-3-47FAA,
and Bacteroides sp 3-1-40A showed the strongest associa-
tion with the MET. Among the species with LDA scores
higher than 4, uncltured B. bacterium (H6, M1, M2, M5,
M6, M9, M12, and M13), uncultured L. bacterium (A4,
28—4, and 3-1), H. rodentium, P. distasonis, B. acidifaciens,
uncultured phages crAssphage, B. vulgatus (including
CAG 6), and B. fragilis were validated by two-way ANOVA
(adjusted p<0.05).

Functional alteration in gut microbiota

We performed functional annotation of the metagenome
using KEGG modules to explore its effect on gut micro-
biota function. PCoA based on KO revealed striking
differences in microbial functions among the groups
(Adonis test: p=0.001, R=0.461; figure 3B). A total of
3179 KOs were differentially enriched among the three
groups (FDR-adjusted p<0.05, Wilcoxon rank-sum test;
online supplemental additional file 5 sheet 1). We further
analyzed these KOs using LEfSe with two-way ANOVA to
find identify statistically significant KOs (online supple-
mental additional file 5 sheet 2). These 3179 KOs were
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mapped to KEGG pathways and further classified into
levels 1 and 2 to KEGG pathways (figure 3C). The abun-
dance of KEGG functions was determined based on
the abundance of KOs combined with annotations. In
general, metabolism was the most abundant categorized
function at level 1, followed by carbohydrate metabolism,
global and overview maps, and amino acid metabolism
at level 2. Specifically, the MET and MC groups showed
higher levels of metabolism at level 1 compared with the
NC group (p<0.001, ANOVA), lipid metabolism, amino
acid metabolism, carbohydrate metabolism (p<0.001,
ANOVA), and glycan biosynthesis and metabolism
(p<0.01 and p<0.001, ANOVA) at level 2. Besides, we
found MET decreased the levels of biosynthesis of other
secondary metabolites and metabolism of terpenoids
and polyketides (p<0.001 and p<0.05, Kruskal-Wallis),
and increased the level of immune system (p<0.001,
Kruskal-Wallis).

Metabolic profile of gut microbiota
We conducted non-targeted metabolomic profiling
using GC-TOF-MS to determine the differential levels of

metabolites in the intestinal lumen of mice from each
group. The significant partition of clusters between the
MC and MET groups was presented by the OPLS-DA
score plot and permutation test plot of OPLS-DA derived
from the GC-TOF-MS metabolite profiles (figure 4A).
The compositional changes involved 22 analytes that were
significantly different between the MC and MET (VIP >1,
p<0.05; online supplemental additional file 6). Among
these, nine analytes were annotated; l-monopalmitin,
2-deoxytetronic acid, fructose 2,6-biphosphate degr
prod 2, linoleic acid, methyl jasmonate 4, N(epsilon)-
trimethyllysine, oxamic acid, tagatose 1, and xylose
1 were all decreased in the MET group (figure 4B).
KEGG pathway enrichment analysis based on differen-
tial analytes indicated that linoleic acid metabolism was
the predominant divergence between MC and MET
(p<0.01). Furthermore, we found the levels of nine
analytes increased after HFD intervention and decreased
after MET intervention. Among these, three analytes
were annotated as 2-deoxytetronic acid, methyl jasmo-
nate 4, and oxamic acid (p<0.05, figure 4C).
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Correlation analysis of gut microbiota, metabolic profile, and
phenotypic indices

As MET significantly altered the composition of the gut
microbiota and gut metabolites and improved phenotypic
indices in HFD-induced model mice, we further analyzed
the correlation between gut microbiota and metabo-
lites, gut microbiota and weight, glucose, and lipids.
The differential bacterial species and microbial metab-
olites between the NC and MC groups were pooled for
correlation analysis (online supplemental additional file
7). Furthermore, the Spearman rank correlation analysis
based on the differential species and metabolites showed
that the species enriched in the MET group (including
uncultured phage crAssphage, B. vulgatus (including CAG
6), B. fragilis, Bacteroides sp 4-3-47FAA, and Bacteroides
sp 3-1-40A) negatively correlated with 2-deoxytetronic
acid, l-monopalmitin, N(epsilon)-trimethyllysine, and
oxamic acid. However, B. bacterium M6, which was over-
represented in the MC group, was positively correlated
with 2-deoxytetronic acid (figure 5A). On further anal-
ysis, we also observed a negative correlation between
2-deoxytetronic acid and B. vulgatus (including CAG
6), B. fragilis, and Bacteroides sp 4-3-47FAA, and a posi-
tive correlation between B. bacterium M6, P. distasonis,
B. acidifaciens, and 2-deoxytetronic acid using MaAsLin
(figure 5B). Additionally, the inter-relationship between
differentially expressed species and the phenotypic
indices (including glucose and weight) was determined
using Spearman rank correlation analysis (figure 5C).
B. bacterium M6, P. distasonis, and L. lactis, which were all
enriched in the MC group, partially had a strong posi-
tive correlation with tail vein glucose, weight, and AUC
of the OGTT and TG. Within the species enriched in the
MET group, B. fragilis showed a negative correlation with
weight. Besides, all the differential annotated metabolites
between the MC and MET groups were positively associ-
ated with the clinical indices (figure 5D).

DISCUSSION
Here, we conducted a minor experiment to investigate
the alteration of the gut microbiota and microbial metab-
olites induced by MET in HFD-induced model mice.
MET treatment significantly influenced gut microbiota
composition, microbial metabolites, and phenotypic
indices in mice with glucolipid metabolism disorder.
Further correlation analysis indicated a negative correla-
tion between species enriched in the MET group and
2-deoxytetronic acid, as well as the phenotypic indices,
and the positive correlation between species enriched
in the MC group and 2-deoxytetronic acid, and the
phenotypic indices. However, the correlation between
the differential metabolites, which decreased after MET
intervention, and the phenotypic indices was positive.
Gut microbiota and microbial metabolites have
attracted increasing attention over the past decade.
Researchers have conducted several experiments on the
role of the gut microbiome in the pathology of diabetes

and the mechanism of action of MET. A similar study
reported that the therapeutic effect of MET on T2DM
might occur with short-chain fatty acid production and
an increase in the abundance of Escherichia species, and
the restriction of the use of MET could induce the deple-
tion of butyrate-producing species.”® The increase in the
abundance of Escherichia coli after MET intervention was
also observed in current study. Moreover, an experiment
using tractable genetic models with a high-throughput
platform found that the effects of MET on lipid metab-
olism could be implemented by the accumulation of
microbial agmatine.?”” Here, we report a novel response
of MET in the intestinal environment.

Of particular interest are the bacterial taxa, such as B.
vulgatus, B. fragilis, P. distasonis, and B. acidifaciens, which
are known to be important in some chronic diseases.

B. vulgatus was the predominant species in the MET
group. Administration of polysaccharide from Plantago
asiatica L. promoted the reduction of blood glucose,
insulin, TC, and TG, and increased HDL-C and B.
vulgatus in high-fat diet and streptozotocin-induced
type 2 diabetic rats.*® Additionally, B. vulgatus report-
edly decreases in patients with coronary artery disease,
and gavage with live B. vulgatus reduces gut microbial
lipopolysaccharide production and suppresses proin-
flammatory immune responses in atherosclerosis-prone
mice.” However, several studies have indicated that B.
vulgatus increases in obese people® and is linked to low-
grade inflammation and insulin resistance.” ** These
controversial results suggest that B. vulgatus can induce
immunomodulatory responses that are mediated by
lipopolysaccharide.” Our study found that MET treat-
ment increased the abundance of B. wvulgatus, which
may affect immune regulation. B. fragilis reportedly has
anti-inflammation effects. B. fragilis produces polysaccha-
ride A and sphingolipids, both of which are involved in
the anti-inflammatory function of related T cells.** * In
addition, B. fragilis inhibits the production of intestinal-
derived corticosterone through its metabolite arachi-
donic acid.”® However, a contrary report indicated that
MET ameliorates metabolic dysfunction by inhibiting B.
Jfragilis, thus increasing the level of bile acid glycoursode-
oxycholic acid in patients with newly diagnosed T2DM.”’

P. distasonis was enriched in the MC group, and an
increased abundance was observed in obese patients
with T2DM in a Chinese cohort study.”® Moreover, free
access to a sugar-sweetened beverage increases the abun-
dance of P. distasonis in rats.” However, P. distasonis may
ameliorate hyperglycemia and hyperlipidemia in HFD-
fed mice via its metabolites, succinate, and secondary
bile acids.* This contentious issue requires further
study. B. acidifaciens markedly increased in a streptozo-
tocin-high-fat, diet-induced non-alcoholic steatohepa-
titis—hepatocellular carcinoma C57BL/6] mouse model
and presented a positive correlation with bacterial lipo-
polysaccharide levels and pathophysiological features.*'
The decreased abundance of B. acidifaciens in the MET
group suggests that the therapeutic effect may be due
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to the amelioration of intestinal permeability and reduc-
tion of lipopolysaccharide. The results of KEGG analysis
also indicated that MET increased the level of immune
system, which may be associated with the gut microbial
lipopolysaccharide production and regulation of the
immune responses.

As for the metabolites, former studies proposed that
MET regulated the production of short-chain fatty acid,
butyrate, propionate,® ** bile acid glycoursodeoxy-
cholic acid,37 and agmatine.27 Additionally, a microbial
metabolite (imidazole propionate) inhibited the effect
of MET.* In this study, we found that 2-deoxytetronic
acid, the dominant metabolite correlated with gut
microbiota, was depleted after treatment with MET.
2-Deoxytetronic acid is an endogenous short-chain poly-
hydroxymonocarboxylic acid that has been reported to
be positively correlated with postMET glucose levels
in the OGTT.* Besides, methyl jasmonate 4 may be a
plant hormone based on the information from ChEBI*
(ChEBI 1ID:15929), which we thought might originate
from the feed. Though methyl jasmonate can exert anti-
inflammatory and antioxidant action,*® it was unclear why
the content of methyl jasmonate 4 decreased after MET
intervention. Further research applying the targeted
metabolomics might better clarify the phenomenon. As
for the oxamic acid, it might also come from the feed.
However, high-fat and high-sugar diet can interfere with
the gut microbial oxalate metabolism.*” Thus, the level
of oxamic acid might decrease after MET restores the
gut microbiota.

A limitation of this study is the lack of stool sample
collection at the beginning of the experiment and at
the end of model establishment; however, the control
group may ease the influence of the previous one. More
research using gavage of single species or fecal micro-
biota transplantation is needed to determine the regula-
tory network.

This study was designed to determine the effects of
MET on the gut microbial system. The most obvious
finding of this study is that MET may restore intestinal
homeostasis and ameliorate host metabolism by inhib-
iting B. bacterium M6, P. distasonis, and B. acidifaciens;
promoting B. vulgatus and B. fragilis; and restricting
the production of 2-deoxytetronic acid. Overall, these
findings suggest a role for the gut microbial system in
promoting the therapeutic effects of MET on glucose
and lipid regulation. The insights gained from this study
may assist in fully understanding the mechanism of MET
in treating metabolic diseases, especially the involvement
of the gut microbiota.
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