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Humans are associated with a consortium of gut microbiome and individual variations in the microbes
influence host metabolism. To probe the relationship between microbiome and the host metabolic
changes, we analyzed the metabonomic and microbiological response of rats exposed to lincomycin
(LM) by an integrated approach combining 165 rRNA gene sequencing and *H NMR-based metabolomics
profiling. LM exposure resulted in decreased levels of hippurate, short chain fatty acids (SCFAs) and
primary bile acids and increased levels of choline and oligosaccharides. Levels of Barnesiella and
Prevotella decreased sharply, whereas level of Clostridium cluster XlVa increased slightly. In addition,
strong correlations were observed between metabolites and the levels of Barnesiella, Prevotella and
Escherichia coli. Meanwhile, some metabolites, such as N-methylnicotinate and trigonelline, showed
association with osmotic homeostasis and nucleic acid synthesis. These results suggest that LM exposure
lead to significantly suppressed fermentation, gut microbial modification of bile acids and influenced liver
and kidney homeostasis. This applicable method reveals the effects regarding metabonomic and

microbiological responses of LM, and the combination of microbiology and metabonomics as a powerful
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between the host and gut microbiota identifies potential biomarkers and provides substantial insight into
the bacterial function, which in turn could provide a rationale for development of potential microbiota-
based early prevention and therapeutic interventions.
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disturbance of the host immune system, lipid and glucose
metabolism."* Accumulating evidence indicates that metabolic

Introduction

The human intestine contains a diversity of gut microbiota,
approximately 10 times more than human cells." The gut
microbiota is involved in numerous significant biochemical
functions, such as metabolic processing, immune system regu-
lation, digestion and epithelial homeostasis."* For example, the
gut microbiome contributes to modifying the chemical structure
of absorbed bile acids through processes including deconjuga-
tion, dehydrogenation and dehydroxylation, leading to a
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perturbations associated with changes in the gut microbiome
play important roles in the development of a variety of diseases
such as obesity,* diabetes,® cardiovascular diseases,® allergies
asthma’ and inflammatory bowel disease.® For example, gut
microbiome-generated butyrate from nondigestive fibers has
been strongly associated with IBD patients.®’® Given the
covariation between key members of the gut microbiota
community and the metabolic phenotype, it is of particular
interest to probe the microbial-mammalian metabolic axis. In
this aspect, antibiotics provide excellent tools to examine the
relationship between the gut microbiota and metabolic changes.
Commonly-used antibiotics include gentamicin and/or cetriax-
one,” imipenem/cilastatin sodium," streptomycin and peni-
cillin G* and vancomycin.” These previous studies are helpful
in providing valuable data on the interaction between host and
gut microbiota. However, the gut microbiome's effect on host
metabolism extends well beyond local effects in the gut to
diverse remote organ systems; a single biological sample cannot
provide a complementary view of the human metabonome.****
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Shi et al.*® revealed that the use of multiple biological matrices
allowed us to systematically analyze the metabonomic responses
of gallic acid exposure and substantially enhance the level of
metabolome coverage. Therefore, exploring a better non-
invasive research for understanding the interaction between
host and gut microbiome in both urine and faeces is imperative.
The faeces is composed a large quantity of gut bacteria and their
metabolic products, and the urine excretes numbers of metab-
olites associated with the host metabolism.

Metabonomics, an array of analytical techniques including
high-resolution 'H nuclear magnetic resonance ("H NMR)
spectroscopy and chromatography-mass spectrometry (MS),
coupled with multivariate statistical analysis is considered as a
well-established tool to comprehensively characterize the
metabolic phenotype of mammalian hosts that can be related
with the microbial community in the intestinal tract.'* For
instance, Nicholson et al.’*° suggested that a "H NMR-based
metabolomics approach is a useful platform for untargeted
metabolic profiling, and they demonstrated that the metabolic
variations in gastrointestinal compartments, mammalian
tissues from kidney and liver, and biofluids such as urine and
blood are directly correlated to the activities of various micro-
organisms that inhabit in the gut. In addition, polymerase
chain reaction (PCR) and denaturing gradient gel electropho-
resis (DGGE) of the V3 region of the 16S ribosomal ribonucleic
acid (16S rRNA) sequences, commonly employed for description
of the substantial diversity of the gut microbiome, is a powerful
technique for identifying and quantifying the complex micro-
bial communities.”® Metabonomics coupled with microbiology
analysis has been extensively used to investigate the correlation
between the host and gut microbes.**

In the present study, the dynamic metabonomic and micro-
biological response of LM exposure at the systematic level was
performed by an integrated approach combining 16S rRNA gene
sequencing and '"H NMR spectroscopy-based metabolomics
profiling. The aim of the study was to assess the time-dependent
effects of LM exposure on the gut microbiome and its metabolic
profiles in urine and faeces. In addition, we investigated the
correlation between gut microbiota and metabolites in faeces.
Exploring this information is particularly important for exploring
the systematic biochemical progression of LM and revealing the
symbiotic relationships between the host and gut microbes,
which in turn will provide a foundation for development of
microbiota-based personal and public health care solutions.

Materials and methods
Animal experiment and sample collection

The animal experiment was reviewed and approved by the
Institutional Animal Care and Use Committee of Sun Yat-sen
University, and conformed to the National Institute of Health
guidelines on the ethical use of animals. A total of 14 male
Sprague-Dawley (SD) rats (180-200 g), obtained from the Labo-
ratory Animal Center of Sun Yat-sen University, were placed in
individual metabolic cages and were allowed to acclimatize for
one week in an SPF animal facility (temperature, 24 °C;
humidity, 50-70%; light-dark cycle, 12-12 h) with free access to
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water and commercial rodent food at the Laboratory Animal
Center of Sun Yat-sen University. After one week of acclimati-
zation, rats were randomly divided into two groups of seven
rats, namely control group (CTR) and lincomycin group (LIN).
While LM in ultrapure water (Milli-Q system, Millipore, Bill-
erica, MA) was administered by oral gavages at the dosage of 1.5
g kg™ of body weight from days 1 to 14. The CTR received the
same volume of water. After antibiotic exposure, all rats were
housed in a controlled environment for another seven days as a
recovery period. The body weight of each rat was assessed daily
just before drug administration. Daily 8 h (8:00 a.m. to 16:00
p-m.) urine and faeces (8:00 a.m.) samples were collected on day
1 preintervention and 5, 14 and 21 days postintervention for
metabonomics and microbiology analysis. The whole experi-
mental workflow is shown in Fig. S1 and the chemicals used in
this study are summarized in the ESI text.}

Sample preparation and NMR spectroscopy

Urine and faecal samples were extracted as previously optimized
with slight modifications (detailed in ESI text}).*** The proton
spectra of urine and faeces were collected on a Bruker AVIII 600
MH?z spectrometer at a 600.13 MHz. The acquisition parameters
were essentially referred in previous study.** A one-dimensional
(1D) pulse sequence was used [recycle delay (RD)-G;-90°-¢,-90°-
tm-G»-90°-acquisition]. The water signal was suppressed by
irradiation during RD of 2 s, and mixing time (¢,,) of 80 ms. For
each sample, the 90° pulse length was adjusted to approximately
10 us and a total of 64 transients were accumulated into 32k data
points over a spectral width of 20 ppm. For NMR signal assign-
ment purpose, a range of two-dimensional (2D) NMR experi-
ments ("H-"H correlation spectroscopy (COSY), total correlation
spectroscopy (TOCSY), '"H-'3C heteronuclear single quantum
correlation spectroscopy (HSQC) and 'H-'3C heteronuclear
multiple bond correlation spectroscopy (HMBC))were carried
out on the selected samples as previously reported.*>*

NMR data processing

All "H NMR spectra of urine and faecal extracts were manually
phased and baseline-corrected using TOPSPIN and referenced to
the TSP resonance at 6 0.00. The urinary spectral region 6 0.50-
9.50 and the faecal spectral region ¢ 0.50-8.50 were bucked with
an equal spectra width of 0.004 ppm widths by use of AMIX
software (V2.1, Bruker Biospin, Germany). To obtain only the
endogenous metabolite changes as a result of LM exposure,
signals from LM were carefully discarded together with regions
containing urea and H,O signals. In urine spectra, these regions
included ¢ 4.76-4.86 (for H,0) and 6 5.50-6.00 (for urea). For
faecal spectra, the discarded regions included 6 0.87-0.92,
1.15-1.19,61.25-1.55,02.14-2.45,02.73-2.9,0 4.38-4.43, 0 5.36—
5.39 (for LM), and 6 4.76-4.86 (for H,0). Subsequently, each
integral region was normalized to the total sum of all integral
regions for each spectrum before pattern recognition analysis.

Microbiological analysis of faecal samples

Total bacterial DNA extractions were isolated from 180-220 mg
faecal pellets using a TIANamp Stool DNA Kit according to the
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manufacturers' instructions. All resultant DNA samples were
stored at —20 °C for further analysis. PCR amplification was
performed using universal primers 357f GC and 518r, which
target the variable V3 region of the 16S rRNA gene for the
predominant bacteria and were reported previously*” for DGGE
analysis. DGGE with 8% (w/v) polyacrylamide gels containing a
linear gradient from 38% to 58% (100% denaturant corre-
sponds to 7 M urea and 40% formamide) were used. Electro-
phoresis was conducted under constant voltage of 70 V for 12 h
at 60 °C in 1x Tris-acetate-EDTA (TAE) buffer. Gels were
stained with silver nitrate and then visualized using a digital
camera (Canon, Japan). DGGE image analysis and data output
were performed by Quantity One, and the intensity and position
of bands in each lane were read into a spectrum of 200 vari-
ables. The data matrix from DGGE was normalized to the sum of
the intensity prior to pattern recognition analysis. Bands with
Q*>0.755 and |r| > 0.755 were selected and subjected to further
identification by sequencing as previously described (detailed
in ESI text}).>***® Additional PCR was performed using specific
primers (Clostridium leptum subgroup or the Bacteroides spp.)
based on the extracted DNA and the PCR products that were
electrophoresed in DGGE gels (Tables S1-S31).

Data processing and statistical analysis

SPSS software (V17.0, SPSS, Chicago, USA) and SIMCA-P" 12.0
(Umetrics, Sweden) were used for all analyses. Data of body
weight gain and the ratio of body weight (weight gain to weight at
week 0), presented as the means + standard deviation and were
processed using a two-tailed unpaired ¢test with the critical p
value set as 0.05. For the spectral data from NMR and DGGE,
normalization to the total sum of the residual spectrum was
carried out prior to pattern recognition analyses followed by
scaling of the data. Initially, PCA was applied to reveal an over-
view intrinsic similarity/dissimilarity within each data set as a
non-supervised model. To screen metabolites and DGGE bands
with striking changes contributing to the separations between
CTR and LIN, OPLS-DA models were then carried out using the
NMR- or DGGE-data as the X-matrix and class information as the
Y-matrix with Pareto scaling. The score plots showed the group
clusters. The loading plots, provided potential biomarkers, were
generated using a MATLAB (Version 8.0, The MathWorks Inc.,
USA) script developed in-house following back-scaling trans-
formation. The color-coded correlation coefficients indicate the
variable contributions to class separation, those contributing the
most to the prediction of the response are shown in red, whereas
those with slight or no association with the response are shown
in blue.”® The quality of the models was assessed by model
parameters, such as R* and Q% which represent the quality of the
fit and predictability of the model respectively.” For further
ensuring the validity of all the models, the response permutation
testing (RPT) was performed.*® The correlation between NMR
faecal spectra and DGGE gel data was modeled by using OPLS
regression and Pearson's correlation coefficient as previous
studies reported."?' In the current study, a cutoff value |7| > 0.755
was chosen as discrimination significance based on the test for
significance of the Pearson's product-moment correlation
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coefficient.” The resultant metabolites and sequences were
searched against Human Metabolome Database (HMDB), http://
www.hmdb.ca/, (accessed October 2014), Kyoto Encyclopedia of
Genes and Genomes (KEGG), http://www.genome.jp/kegg/,
(accessed October 2014) and Ribosomal Database Project (RDP),
http://www.rdp.cme.msu.edu, (accessed October 2014) followed
by metabolic pathway or function analysis.

Results
Influence of LM on weight

During the 14 day administration, no animals died, but experi-
mental rats displayed diarrhoea throughout the 14 day antibiotic
treatment period. Diarrhoea stopped at the end of the experi-
ment. The representative change in tendency of body weight
during the experimental period is presented in Fig. S2A.}
Significantly higher levels of body weights were observed in the
LIN than in CTR after 11 to 14 days of treatment. The ratio of body
weight (weight gain to weight at week 0) of LIN was approximately
5% higher than CTR. In contrast, there was no significant
difference on days 5 and 21 between CTR and LIN (Fig. S2Bf). Our
results were similar to those of agricultural industry study in
which LM treatment is used extensively as a growth promoter.**

Metabolites assignment with "H NMR spectroscopy

Typical "H NMR spectra of urine and faecal extracts obtained
from CTR and LIN on day 14 were shown in Fig. 1. The
endogenous metabolites involved in the spectra were assigned
based on the literature®** and were further confirmed by 2D
NMR spectra. A total of 96 metabolites were assigned (71 urine-
derived and 55 faeces-derived metabolites) in Table S4.} The
spectra were mainly comprised of choline, amino acid deriva-
tives, bile acids, SCFAs and indole derivatives, etc. These spectra
exhibited obvious systematic differences between the groups.
The levels of faecal oligosaccharides increased substantially,
whereas the levels of hippurate and SCAFs decreased signifi-
cantly. In order to obtain more detailed information about the
metabolic alterations from LIN exposure, multivariate data
analysis including PCA and OPLS-DA were performed.

Dynamic metabolic profiles in urinary and faecal samples
after LM treatment

PCA analysis was performed to generate an overview of the
metabolic disturbance resulting from LM exposure in urine and
faeces over the experimental period (Fig. S3}). The trajectory
plots that manifested LIN underwent a marked shift from day 1 to
day 5 and continued to drift away from day 5 to day 14, and then
moved closer to CTR at the end time point (Fig. S3A and S3Bf). In
Fig. S3C and S3D,} those points of each animal on day 5 were
located far from the pre-dose points, and those points repre-
senting day 21 were still different but moved closer to the control
cluster. The metabolic profiles of rats dosed with LM displayed
the dynamic changes during 21 days of the experiment along the
first principal component, and showed aged-related physiolog-
ical changes along the second principal component in both

RSC Adv., 2015, 5, 65415-65426 | 65417


http://dx.doi.org/10.1039/c5ra10626e

Published on 23 July 2015. Downloaded by Pennsylvania State University on 16/09/2016 21:02:26.

RSC Advances

View Article Online

Paper

' X2 |
' 36 93
! ! a8 20 E
: - s oy 0| |
i 76 %0 : 84 65 oy 5]9 94
' 12 ' 89 87, 45/ 3 N
| 4,7 /1 % s | 191 8162l 43
A: I/\ : i/}‘,ll/ //'l ‘HL 1/314 Ny
, 1344 i 29 /92
| h !
' 1 21
! 95 [41 X 29 34 '\«f/k
1
T4 4 i 57 , 52 3366 25 S B e
' 91 8 18 40 24
I 16/51 49% 58 1 55 31 [27] 42 2 !
B! Il |5(\)” L /i Al / \7\% | \/5|4 / = kN THW 075 070 &'H
[ —— g  — - Fo1
[ AaS RARRS RARAN RARAY RARRY RERRD % T SRS RARAN RARES RARRS RARES RARRN RARRS
: 9.0 85 80 7.5 7.0 6.5 : 5.0 45 4.0 35 3.0 25 2.0 1.5 S'H lll
et oligosaccharides 59 73

e
465 460 &'H
G 84

83,89

1 9.0 80 7.0 6.0;155 50 45 40 35 30 25 20 15
1

5.30 5.25 8'H

1.08'H

Fig.1 Typical 600 MHz *H NMR spectra of urine from lincomycin-treated rats (A), untreated rats (B) and faecal extracts from lincomycin-treated
rats (C), untreated rats (D) at day 14 post treatment. (E) The expansion of 6 0.65-0.76, (F) the expansion of § 4.50-4.68, (G) the expansion of ¢

5.15-5.34. Metabolite keys are shown in Table S4.1

groups. The analysis showed that metabolic profiles might reflect
metabonomic perturbations at different time points.

LM-induced urinary and faecal metabolites changes

After the crude screening by PCA, OPLS-DA was performed to
maximize the discrimination of experimental groups and to
focus on metabolic variations for the different time points in
both urinary and faecal extract spectra. R°X and Q?, represented
the quality of fit and predictability of the sublevel mathematical
models, were summarized in Tables S5 and S6.; The clear
classifications between CTR and LIN at different time points
were shown in the OPLS-DA score plots (Fig. 2 and 3), whereas
the correlation coefficient loading plots illustrated significantly
altered metabolites induced by LM.

In Fig. 2, the coefficient loading plot showed similar feature
perturbances such as increased levels of allantoin, creatine and
decreased levels of hippurate, butyrate and 3-methyl-2-
oxovalerate through the whole experiment in urine. Of partic-
ular note, decreased levels of a-mannose, B-glucose, 2-oxoglu-
tarate and succinate, as well as increased levels of taurine,
hypoxanthine, fumarate, dimethylamine and alanine were
observed on day 14. Higher levels of lysine, trigonelline, N-
methylnicotinamide (NMN), lactate and creatinine, and
decreased levels of a-ketoisovalerate and propionate were
observed during the 14 day treatment period, but they all drifted
back to the normal level after a seven day recovery period.
Interestingly, a number of key metabolites, such SCFAs in urine
were down-regulated to a less extent than those in faeces.

65418 | RSC Adv., 2015, 5, 65415-65426

In Fig. 3, similar metabolic perturbations such as higher
levels of oligosaccharides, taurine, choline, threonine, uridine,
B-glucose, and lower levels of SCFAs and taurocholic acid (TCA),
isoleucine, a-ketoisocaproate, aspartate, formate, adenine,
uracil, phenylalanine, tyrosine and urocanate were observed in
each time point. Decreased levels of a-ketoisovalerate, creatine
and B-galactose, and increased level of glycine were observed
during the 14 day treatment. Although the metabolic variations
were similar in different time points, they were significantly
different from those in CTR. Additionally, the discriminating
metabolites of day 14 illustrated a greater extent than those on
days 5 and 21. On day 21, fewer changes were found compared
with CTR in terms of the number of altered metabolites and the
degree of changes. The concentrations of creatine, choline,
glycine and a-ketoisovalerate drifted back to the normal levels
at the end of the experiment.

The dominant metabolites associated with rats treated LM in
coefficient loading plots were summarized in Tables S5 and S6.]
Based on the statistical analysis of the normalized integrals of
metabolites, Tables 1 and 2 summarized the discriminating
metabolites screened out in Fig. 2 and 3, accounting for the
differentiation between LIN and CTR at the three time points.
The results of the permutation tests are shown in Fig. S4 and S5.}

Microbial profiles of faecal samples using DGGE analysis

High and low levels of metabolic variations from NMR analysis
were found on day 14. To probe the disturbances to gut
microbiota, the microbial structure on day 14 was represented

This journal is © The Royal Society of Chemistry 2015
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Table 1 Statistical analysis results of the main metabolite change in urine at days 5, 14 and 21¢

Variations
Metabolites Chemical shift Day 5 Day 14 Day 21
Fumarate 6.53(s) — 1% -
Taurine 3.275(t), 3.437(t) — 1% —
Dimethylamine 2.729(s) — 1% -
Lactate 1.33(d), 4.12(q) THx T —
Hippurate 3.975(d), 7.55(t), 7.64(t), 7.835(t) L*E L** U
Butyrate 0.90(t), 1.56(m), 2.15(t) L* L L
3-Methyl-2-oxovalerate 1.10(d), 0.88(t) L* L** Ui
a-Ketoisovalerate 1.13(d), 3.02(m) L o —
Propionate 1.06(t), 2.19(q) L* L —
Acetate 1.934(s) ¥ — -
a-Mannose 5.195(s) — 1* -
B-Glucose 4.657(d), 3.235(d), 3.733(dd) — L -
2-Oxoglutarate 2.454(t), 3.02(t) — 1* —
Trigonelline 4.44(s), 8.09(m), 8.85(m), 9.125(s) 1 1 —
Allantoin 5.39(s) 1R 1H* 1k
Creatine 3.045(s), 3.93(s) 1 1k T*
Creatinine 3.043(s), 4.05(s) T* T —
Lysine 3.03(t), 3.76(t) T* T* —
Glycine 3.57(s) 1k — —
N-Methyl nicotinamide 4.48(s), 8.90(d), 8.97(d), 9.29(s) 1 1% —
Alanine 1.492(d), 3.78(q) — 1HE —
Hypoxanthine 8.22(s), 8.20(s) — T* -
“ *: indicates significant changes compared with control *p < 0.05, **p < 0.01. LIN: lincomycin group; CTR: control group.
Table 2 Statistical analysis results of the main metabolite change in faece at days 5, 14 and 21¢

Variations

Metabolites Chemical shift Day 5 Day 14 Day 21
B-Glucose 4.657(d), 3.235(d), 3.733(dd) 1TE* 1k T
Uridine 3.81(d), 3.92(d), 4.14(q), 4.24(t), 4.36(t), 5.90(d), 5.91(d), 7.87(d) pH* 1% 1%
Threonine 1.32(d), 3.58(d) 1k 1%* [
Taurine 3.275(t), 3.437(t) TR 1 T
Choline 4.075(t), 3.515(t), 3.20(s) 1 1% T
Glycine 3.57(s) 1 1%* —
Formate 8.46(s) L** }** 1**
Adenine 8.19(s), 8.21(s) L 1** L
Uracil 5.81(d), 7.54(d) L ** L** 1**
Urocanate 6.40(d), 7.31(d), 7.43(s), 7.89(s) T L 1
Tyrosine 6.91(d), 7.20(d) L** L** Ui
B-Galactose 3.48(dd), 3.65(dd), 3.93(m), 3.71(m) L } —
Creatine 4.59(d), 3.74(m) 1 L —
Aspartate 3.045(s), 3.93(s) o L ¥
Taurocholic acid (TCA) 0.67(s) }** L** L
a-Ketoisocaproate 0.92(d), 2.06(m), 2.61(d) L L** L
Acetate 1.934(s) L** L** L
Propionate 1.06(t), 2.19(q) L L ¥
Butyrate 0.90(t), 1.56(m), 2.15(t) L* e 1*
Isoleucine 0.94(t), 1.01(d), 1.25(m), 1.48(m) L ** L }**
o-Ketoisovalerate 1.13(d), 3.02(m) el e —
Phenylalanine 3.13(dd), 3.29(dd), 3.98(dd), 7.33(m), 7.38(m), 7.43(m) L L o
Xanthine 7.91(s) — L L**

¢ *; indicates significant changes compared with control *p < 0.05, **p < 0.01. LIN: lincomycin group; CTR: control group.

by DGGE patterns of the 16S rRNA gene V3 region for gelwas loaded with samples from CTR and LIN to avoid integral
predominant bacteria and of regions for two specific groups, variations for directly comparing two groups. A total number of
Bacteroides spp. and Clostridium leptum subgroups. Each DGGE 41 bands were detected from the 16S rRNA gene V3 regions
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Fig. 4 OPLS-DA score plots (left panel), PCR-DGGE profiles (middle panel) and correlation coefficient loading plots (right panel) derived from
16S rRNA gene V3 region, indicating the discrimination between CTR (black) and LIN (red) on day 14. The bands of information can be found in

Table 3. CTR: control group; LIN: lincomycin group.

(Fig. 4). The bacterial diversity of LIN was found to reduce
compared with the CTR.

Predictions for the difference between two groups were
shown in OPLS-DA score plots and corresponding coefficient
loading plots in Fig. 4. Twelve differential bands were identified
by cloning and sequencing of 16S rRNA gene V3 regions (Table
3). The sequences are deposited in the GenBank with access
numbers of KP 666050-666061. They mainly belonged to three
phyla: four species from Bacteroidetes, five from Proteobacteria
and three from Firmicutes. Levels of Barnesiella and Prevotella,
which belongs to Bacteroidetes, significantly decreased,
whereas levels of Proteobacteria and Firmicutes markedly
increased. Although Bacteroides spp. showed no difference in
the total bacterial abundance, there exhibited small but no
significance disturbance in a slice of subspecies (Fig. S6AT).
Additionally, Clostridium leptum represented a significant
increase in bacterial diversity compared with CTR (Fig. S6B).

Integration of "H NMR spectral data and DGGE microbial data

To reveal the potential correlations between gut microbiome
and metabolites, NMR and DGGE data of faeces were correlated
by using Orthogonal Projection to Latent Structure (OPLS)
regression and Pearson's correlation coefficient. The resulting
association, shown in Fig. 5 and summarized in Table S7,i
displayed both positive and negative correlations between
metabolites and the identified bacterial groups. Many of the
identified compounds were well-known gut microbial co-
metabolites, e.g., SCFAs, TCA and glycine. Bacteria belonging
to the same genus shared similar correlative metabolites. The
genus of E. coli (Band 1, 7, 8, 9) exhibited positive correlations
with choline, tyrosine, TCA and uridine and reverse correlations
with a-ketoisovalerate, glycine, propionate and acetate. Within
the identified three Barnesiella (Band 10, 11, 12) genera, there
were positive correlations with the levels of SCFAs and TCA, and
negative correlations with urocanate and isoleucine. The genus
Lachnoanaerobaculum (Band 4) was positively correlated with a-
ketoisovalerate and negatively correlated with creatine. The
genus Acinetobacter (Band 5) displayed a positive correlation
with acetate and a negative correlation with adenine and

This journal is © The Royal Society of Chemistry 2015

phenylalanine. Clostridium XIVa (Band 2) showed a positive link
to TCA, asparagine and choline and a reverse correlation with a-
ketoisovalerate, adenine and glycine. However, the genus Pre-
votella (Band 6) only showed a strong negative correlation with
a-ketoisovalerate. Furthermore, Flavonifractor (Band 3) was also
significantly associated with creatine and glycine in a negative
manner. In summary, LM exposure induced a significant taxo-
nomic perturbation in the gut microbiome, which in turn
substantially altered the metabolomic profiles.

Discussion

A number of different antibiotics have thus far been applied to
investigate the effect on microbial perturbation. LM is a clini-
cally useful antibiotic against Gram-positive bacteria, especially
used in patients allergic to the penicillins.**** Additionally, on
the basis of its poor systemic bioavailability, LM was selected at
the dosage of 1.5 g kg™ of body weight in our study to rapidly
and completely remove the microbes from the gut.** We
combined 16S rRNA sequencing and metabolomics to charac-
terize the time-dependent microbiological and endogenous
metabolic response to LM in urine and faeces. The data clearly
indicated that LM exposure disturbed either the gut bacteria at
the abundance level or the urinary/faecal metabolomic profiles.
Correlation analysis in the faeces identified some gut bacteria
were highly correlated with altered metabolites. These results
shown that a dynamic dual metabonomics analysis combined
with DGGE analysis provides a better non-invasive strategy for
identifying meaningful biomarkers and functional bacteria
compared with any single biological sample in isolation. This
study revealed that LM directly impacted the abundance level
and diversity of gut microbiota, which in turn could affect
energy metabolism, bile acid enterohepatic recycling and SCFA
fermentation through the modulation of bacterial metabolic
products.

The strajectories displayed time-dependence of urinary and
faecal metabolic profiles of LM exposure across the 14 day
treatment period and the seven day recovery in Fig. S3.1 In Fig. 2
and 3, compared with the metabolic variations of days 5 and 21,
greater numbers of altered metabolites and a higher degree of

RSC Adv., 2015, 5, 65415-65426 | 65421
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Paper
DGGE Nearest Neighbor Correlation Metabolite linkage
Band Asparagine
Band 7 Escherichia, 1.000
Choline
Band 9 Escherichia, 1.000 Adanine
Band 1 Escherichia, 1.000 Acetate
Band 8 Escherichia, 0.960 Propionate
Band 3 Flavonifractor, 0.915 a-ketoisovalerate
Band 4 Lachnoanaerobaculum, 0.913 Urocanate
Creatine
Band 2 Clostridium XIVa, 0.853
Glycine
Band 5 Acinetobacter, 1.000
TCA
Band 6 Prevotella, 0.967 isoleucine
Band 11 Barnesiella, 0.906 Uridine
Band 12 Barnesiella, 0.961 Phenylalanine
Band 10 Barnesiella, 0.978 Tyrosine

Fig. 5 DGGE bands and associations with specific faecal metabolites
are shown for bacterial species with the direction of correlation indi-
cated by red (positive) or blue (negative) lines. TCA: taurocholic acid.
The correlation results were summarized in Table S7.5

changes on day 14 indicated that the impact of LM on the rats
altered continuously with time. LM perturbation altered faecal
metabolites to a greater extent than urinary metabolites because
faecal metabolic profile is a direct reflection of changes in
microbial composition. The key altered metabolites were widely
distributed across the mammalian-microbial metabolic system
involved in gut microbiome metabolism, energy metabolism
and nucleic acids synthesis as shown in Fig. 6.

LM disturbs carbohydrates metabolism

In the current investigation, the energy harvesting capacity of
gut microbiota exerts a strong influence on host metabolism.
This is mainly reflected by the increased level of oligosaccha-
rides and the decreased levels of monosaccharides (B-glucose,
B-galactose) and fermentation products (SCFAs) in LIN shown
in Fig. 2 and 3. This result indicates that the metabolism of
oligosaccharides-producing monosaccharides and SCFAs was
disturbed by LM treatment. Nondigestible carbohydrates are
degraded by gut microbiota because they manifest variety of
glycoside hydrolase.*® Antibiotic treatment resulted in the
accumulation of oligosaccharides,” which is supported by our
investigation. More specifically, SCFAs were discovered to
positively correlate with the abundance of Barnesiella, Pre-
votella, which suggest that these bacteria play important roles in
metabolism of SCFAs. A recent study revealed that genus Bar-
nesiella and Prevotella belong to the Porphyromonadaceae family,
and that Porphyromonadaceae can produce a significant amount
of SCFAs from glucose.*” LM treatment has certainly restrained
the growth of these two species bacteria, resulting in the accu-
mulation of oligosaccharides and the decrease of SCFAs.
Another example to support LM exposure's perturbation of
energy metabolism stems from the observation that ketoiso-
valerate and isoleucine were significantly increased in faecal
extractions of LM-treated rats (Fig. 6). Isovalerate and 2-methyl-
butyrate are produced by the oxidation of leucine and isoleucine
via the degradation from proteins, peptides, and amino

This journal is © The Royal Society of Chemistry 2015
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acids.*®* Previous studies have shown that the increased rela-
tive abundance of Firmicutes and Bacteroidetes in the gut is
associated with obesity both in mice and humans.*®*' Inter-
estingly, we also found that body weight gain was positively
related to the ratio of Clostridium leptum and Bacteroides spp.,
which may serve as a novel method for gaining insight into how
microbial components contribute to mammal growth.

LM disturbs aromatic amino acids metabolism

Aromatic amino acids were significantly altered after LM treat-
ment. They were highly correlated with perturbed gut bacterial
families. Hippurate, as a biomarker for assessing the balance of
the gut microbial community,"® decreased significantly in the
current study. Decreased level of hippurate positively correlated
to decrease in the abundance of Clostridia discovered in CD.*"**
Interestingly, three Firmicutes families, classified into the same
order of Clostridiales, significantly decreased in abundance
after LM exposure in Fig. 4. This result supported our notion
that the metabolic biomarkers were highly correlated with
perturbed gut bacterial families. Some proteins and other
aromatic amino acids such as phenylalanine, tyrosine and
tryptophan also can be catabolized by the gut microbiota.’®*
Notably, we discovered that tyrosine was negatively correlated
with the abundance of the E. coli in Fig. 5, which indicated that
E. coli may involve in the catabolism of tyrosine. The elevation of
E. coli's relative abundance in faeces was associated with
excessive weight gain in adolescents, and pregnant women.***
Therefore we tentatively hypothesize that the increased E. coli
act as one factor to interpretate the body weight gain in the
current study.

This journal is © The Royal Society of Chemistry 2015

LM disturbs bile acids metabolism

After LM treatment, the depleted level of TCA and the increased
level of urinary B-alanine were observed in LIN. These results
suggest that metabolism of bile acid enterohepatic recycling
was hampered by LM treatment. It was known that bile acids are
synthesized from cholesterol in the liver and further undergo
extensive enterohepatic recycling and gut microbial processes,
including deconjugation, dehydrogenation and dehydrox-
ylation.! The primary bile acids can be transformed to
secondary bile acids by intestinal bacteria via 7o dehydrox-
ylation, which has been identified from cell extracts from Bac-
teroides, while 7o-dehydroxylase was not discovered in
Barnesiella and Prevotella.*** These results supported our
investigation that taurocholic acid (TCA) was positively corre-
lated with Barnesiella abundance in Fig. 5. The underlying
mechanisms of the positive correlation between TCA and
Escherichia, Clostridium XIVa abundance remain elusive;
however, such associations could be achieved by other mecha-
nisms besides changing the diversity and abundance of bacteria
present in the gut, such as the regulation of gene and protein
expression in bacteria.*® Moreover, bile acid metabolism can
affect lipid and glucose metabolism through the modulation of
FXR and TGR5 signalling."® It seems that increased body weight
may stem from the disturbance of bile acids. Urinary B-alanine,
a competitive inhibitor of taurine, is untaken in the kidney and
liver because it shares the same transporter.*® In our results, it
showed a higher level of excretion in the LIN (Fig. 2), which
illustrated the different requirements of taurine in the metab-
olism of bile acids. Moreover, the role of gut bacterial in the
regulation of bile acids has raised the question of whether bile
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acids modulated by the gut microbiome are associated with
regulation of the host immune system. Previous studies
demonstrated that LM could modulate the immune function.*
Clearly, further research is needed to shed light on the role of
the gut microbiome and its associated metabolites, including
bile acids, in LM-induced impaired immune responses and the
body weight gain.

LM disturbs liver and kidney functions

Liver and kidney are the main organs for the detoxification of
xenobiotic drugs; hence the homeostasis of the liver and
kidney may be disturbed by LM exposure, which is happens to
be demonstrated in this investigation. Among the metabolic
biomarkers identified in faeces, we observed fluctuation of the
concentration of nucleotides and nucleoside in rats exposed to
LM. Since the liver is the primary organ for nucleotide
synthesis, our observation suggests that LM exposure
disturbed nucleotide synthesis and nucleic acid synthesis
(Fig. 6). Moreover, we observed elevated levels of N-methyl-
nicotinate (NMN) and trigonelline in the urine (Fig. 6), which
is suggestive of antioxidation activity by LM. This is because
trigonelline and NMN are the methylated metabolites of niacin
(vitamin B3) and nicotinamide, respectively, which can be
generated during the conversion from S-adenosylmethionine
to S-adenosylhomocysteine in the process of biosynthesis of
cysteine, an essential amino acid of glutathione synthesis.”
This is another important line of evidence supporting the
notion that LM exposure causes a perturbation of liver func-
tion. Furthermore, the observation of choine positively corre-
lated to the abundance of Proteobacteria (Fig. 5) indicated that
LM may be associated with liver during choline depletion.
Spencer et al.>* revealed that a low quantity of Proteobacteria in
human faecal microbiota was associated with hepatic status.
Elevated levels of a range of organic osmolytes, such as taurine
and choline, observed in this investigation, imply that LM
exposure may lead to disturbances in the kidney osmolarity.*
Additionally, we observed depletions in the levels of amino
acids, such as isoleucine and tyrosine in LIN, which suggests
LM exposure could also result in the inhibition of protein
synthesis. This view is particularly supported by the depleted
level of tyrosine because tyrosine is known to be used only in
protein synthesis.>*

Future studies are needed to address the mechanistic basis
of their association. LM exposure may result in shifted meta-
bolic profiles by affecting the physiology of the gut microbiota
without changing the species and abundance. Therefore, an
altered metabolome may not entirely result from shifts in the
spectrum of microbes demonstrated by 16S rRNA gene
sequencing. Such metabolic alterations could be achieved via
other mechanisms besides changing the composition and
abundance of bacteria that inhabit the gut, such as the regu-
lation of gene and protein expression in bacteria. A recent study
revealed that xenobiotics significantly changed the physiology
and gene expression in gut microbiota.*® Therefore, metatran-
scriptomics and metaproteomics profiling are warranted in the
future to elucidate the role of the gut bacteria.
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Conclusion

We used 16S rRNA gene sequencing and metabolomics
profiling to study the impact of LM exposure on the gut
microbiome and its metabolic profiles. Our results showed LM
not only perturbed the liver and kidney functions but also
modulates the host systematic metabolism through distur-
bance of the gut bacteria, which were manifested in decreased
levels of urinary hippurate, short chain fatty acids (SCFAs),
primary bile acids and increased levels of choline and oligo-
saccharides. In addition, strong correlations between metabo-
lites and the levels of Bacteroides, Barnesiella, Prevotella,
Flavonifractor, Lachnoanaerobaculum, Acinetobacter and Escher-
ichia coli were observed to guide further research. Taken
together, these data demonstrated substantial insight into the
effects regarding microbiology and metabolomics response to
LM treatment. Advances in technology in both metabolic phe-
notyping and microbial profiling methods have improved our
ability to derive correlations between microbial and metabolic
phenotypes, which are of particular important for optimizing
therapeutic strategies and early interventions.
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