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Covariation in the structural composition of the gut microbiome and the spectroscopically derived
metabolic phenotype (metabotype) of a rodent model for obesity were investigated using a range of
multivariate statistical tools. Urine and plasma samples from three strains of 10-week-old male Zucker
rats (obese (fa/fa, n ) 8), lean (fa/-, n ) 8) and lean (-/-, n ) 8)) were characterized via high-resolution
1H NMR spectroscopy, and in parallel, the fecal microbial composition was investigated using
fluorescence in situ hydridization (FISH) and denaturing gradient gel electrophoresis (DGGE) methods.
All three Zucker strains had different relative abundances of the dominant members of their intestinal
microbiota (FISH), with the novel observation of a Halomonas and a Sphingomonas species being
present in the (fa/fa) obese strain on the basis of DGGE data. The two functionally and phenotypically
normal Zucker strains (fa/- and -/-) were readily distinguished from the (fa/fa) obese rats on the basis
of their metabotypes with relatively lower urinary hippurate and creatinine, relatively higher levels of
urinary isoleucine, leucine and acetate and higher plasma LDL and VLDL levels typifying the (fa/fa)
obese strain. Collectively, these data suggest a conditional host genetic involvement in selection of
the microbial species in each host strain, and that both lean and obese animals could have specific
metabolic phenotypes that are linked to their individual microbiomes.
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Introduction

All coelomate animals have symbiotic gut microorganisms
providing an extended genome consortium (microbiome) that
closely interacts with and modulates the metabolism, immune
systems and general health of the host.1-4 These microbiome-
mammalian metabolic interactions result in the formation of
a diverse range of co-metabolites via enzyme systems contrib-
uted by multiple interacting genomes.4,5 Such ‘transgenomic’
interactions result in enriched complexity of the host’s me-
tabotype, and statistical links between microbiome variation
and specific metabolic patterns have been reported,6 which
may be modulated in diverse disorders such as parasitic
diseases,7-9 in fat-fed models of nonalcoholic fatty liver dis-

ease,10 type II diabetes11 and obesity.12 Gut microbial consortia
can also be transplanted from species to species13 and modu-
lated using probiotics with resulting effects on host metabolism
of short-chain fatty acids, lipoproteins and bile acids.14 Large-
scale metabolic variation between phenotypes of human
populations are also partly attributable to variations in gut
microbial activities15,16 and the modulating effects of dietary
choice in individuals on both the host and the microbiome.17,18

Gut microbes have a high metabolic capacity and strongly affect
drug toxicity; therefore, they may be important in population
differences in drug metabolism and toxicity.4,19 However, the
role of gut microbes in the etiology of the various pathologies
they have been associated with and the interacting responses
of the gut microbes to the developing pathology are difficult
to unravel. Top-down systems biology approaches have proved
useful in understanding gut microbial-mammalian metabolic
network interactions18 and methods for connecting microbial
population signatures with metabolic profiles have recently
been described.6 To investigate the potential for such trans-
genomic “keystone interactions”, that is, the degree to which
the host genome determines the microbiome and its modula-
tion in disorder, we have chosen to apply a combined meta-
bonomic and microbiomic20 approach to investigate the co-
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variation between the metabolic phenotype and the metagenome
of the Zucker rat which is an established and important model
of obesity and type II diabetes.

Certain strains of the Zucker rat have a mutation of the fa
gene21 which leads to a defect in the leptin receptor,22 resulting
in the animal becoming overweight and glucose-intolerant. In
particular, the homozygous Zucker (fa/fa) obese rat, widely used
as a type II diabetes model, readily becomes obese and insulin-
resistant typically by 12 weeks.23,24 In contrast, the heterozy-
gous (fa/-) and homozygous (-/-) Zucker rats remain lean
as they age and do not become insulin-resistant.21

Metabonomic and metabolomic studies rely mainly on a
range of NMR- and MS-based techniques to generate multi-
parametic metabolic profiles of physiological and pathological
variation.25-29 These techniques have been variously applied
to the analysis of urine and plasma from the Zucker rat and
shown to be suitable for characterizing metabolic phenotypes
(metabotypes).24,30-32 To investigate metabolic interactions
between host and gut microbiota in this animal model, urine
and plasma from all three Zucker strains were “metabotyped”
via high-resolution 1H NMR spectroscopy and correlated with
strain-related differences in the microbiome measured using
semiqualitative and semiquantitative molecular-based tech-
niques, polymerase chain reaction (PCR) followed by denatur-
ing gradient gel electrophoresis (DGGE)33 and fluorescence in
situ hybridization (FISH),34 respectively. These resulting data
were thus analyzed using various multivariate statistical meth-
ods in order to discover any underlying associations between
host and gut microbiota. This pilot study presents an integrated
characterization of the microbiome-host phenotype of a
disease model and represents a first step toward generating
hypotheses regarding potential contributions of transgenomic
metabolic interactions to the development of obesity.

Materials and Methods

Animals and Sample Collection. Three strains of male rat,
Zucker (fa/fa) obese n ) 8, Zucker (fa/-) lean n ) 8 and Zucker
(-/-) lean n ) 8 were used in this study (animals bred on site,
Alderley-Park, AstraZeneca). The animals were produced by
mating (fa/-) male and female Zucker rats to produce the
required crosses. The pups were reared together until 6 weeks
of age, at which point they were separated into three strains
after genotyping. Thereafter, the animals were gang-housed in
polycarbonate cages, with all three groups maintained in the
same animal room and rack. Food (standard rat and mouse
diet, R&M No 1 modified irradiated diet, Special Diet Services
Ltd., Essex, U.K.) and water were available ad libitum through-
out. At 10 weeks of age, the animals were euthanized, and urine,
feces and plasma were collected. Urine and feces were stored
frozen at -20 °C until analysis. Blood was collected into lithium
heparin vials and centrifuged at ∼2400g for 10 min, and the
plasma was then removed and stored at -20 °C until analysis.

1H NMR Spectroscopy. For urine, an aliquot of 460 µL of
each sample was mixed with 240 µL of phosphate buffer (0.2
M in 10% D2O; pH 7.4) containing sodium 3-(trimethylsilyl)
propionate-2,2,3,3-d4 (TSP) (0.5 mg/mL) as a chemical shift
reference. The samples were centrifuged at ∼16 000g for 10 min
and 600 µL of the solution was transferred to a 5 mm outer
diameter Precision NMR tube (GPE Scientific Ltd.) before being
analyzed by 1H NMR spectroscopy. For plasma, 300 µL of each
sample was diluted with 600 µL of a 0.9% (w/v) saline solution
in 10% D2O. The samples were centrifuged at ∼16 000g for 10
min and 600 µL of solution was transferred to a 5 mm outer

diameter Precision NMR tube (GPE Scientific Ltd.) before being
analyzed by 1H NMR spectroscopy, as with the urine samples.
The analysis was carried out using a Bruker Avance 600 NMR
spectrometer (Bruker, Germany) operating at a 600.44 MHz 1H
resonance frequency with a BBI probe. For the urine samples,
a standard one-dimensional pulse sequence was used with a
presaturation water suppression pulse sequence: 90°-t1-90°-t2-
90° acquire FID (Free Induction Decay) [t1 ) 3 µs, t2 ) 100
ms].35

For each spectrum, 128 transients were collected into 32k
data points. The temperature remained constant at 298 K and
the 90° pulse was set to 13 µs for the urine spectra and 11.5 µs
for the plasma spectra. For the plasma samples, three types of
1H NMR experiment were performed, that is, the standard one-
dimensional pulse sequence used with water suppression as
describedabove,thewater-suppressedCarr-Purcell-Meiboom-Gill
(CPMG) spin-echo spectrum: RD-90°-(t-180°-t)n- acquire
FID.36,37

This pulse sequence attenuates signals from fast relaxing
species, such as broad peaks from high molecular weight
compounds, and so forth. Finally, the one-dimensional diffu-
sion-edited 1H NMR spectrum which attenuates signals from
small molecules with fast translational diffusion rates38,39

(generally small molecules with a low Stokes’ radius): RD-90°-
t1-180°-t1-90°-t2-90°-t1-180°-t1-90°-LED-90° acquire FID.

Absolute Glucose Measurements. Each plasma sample was
analyzed for glucose using a MediSense Precision QID monitor
and MediSense blood glucose test strips (Abbott, Kent) with
one drop of plasma.

Microbiome Analyses. 1. Microbial DNA Extraction. Each
fecal sample was thawed on ice; for each, a 1 in 10 dilution
(w/w) was made in phosphate-buffered saline (Oxoid). An
aliquot (1 mL) of sample was centrifuged at ∼13 800g (rotor
no. 3753, Biofuge 28RS; Heraeus SEPATECH) and 4 °C for 5
min in a weighed sterile 2 mL Safe-Lock tube. The supernatant
was discarded and the pellet weighed. Additional sample was
added to the tube and centrifuged to give a pellet of ∼500 mg.
For each sample, DNA was extracted from the pellet by using
the FastDNA SPIN Kit (for soil) (QBiogene) following the
manufacturer’s instructions. The quantity of DNA in each
sample was assessed by running 5 µL aliquots of the samples
with a MassRuler-DNA Ladder Mix (Helena Biosciences Eu-
rope) on 1.5% (w/v) ultraPURE agarose (GibcoBRL) gels
containing ethidium bromide (0.4 mg/mL), and visualizing the
bands using a UV light. For each sample, DNA was diluted in
sterile distilled water to give a concentration of ∼5 ng/µL.

2. Polymerase Chain Reaction (PCR). Fragments derived
from the variable V3 region of the 16S rRNA gene were
amplified from samples by using the universal primers p2 (5′-
ATTACCGCGGCTGCTGG-3′; synthesized by MWG Biotech) and
p3 (5′-CGCCCGCCGCGCGCGGCGGGCGGGGCGGGGGCACG-
GGGGGCCTACGGGAGGCAGCAG-3′; synthesized by MWG Bio-
tech).33 PCR mixtures comprised 5 µL of 10× MgCl2-free buffer
(Promega), 5 µL of dNTPs (12.5 mM each; Promega), 1 µL of
primer p2 (20 pmol), 1 µL of primer p3 (20 pmol), 6 µL of MgCl2

(25 mM; Promega), 30 µL of H2O, 1 µL of Taq (1.25 U DNA
polymerase; Promega) and 1 µL of template DNA. The PCR was
carried out using a MJ Research PTC-200 Peltier Thermal Cycler
(GRI) machine with the following parameters under ‘block’
control. Samples were heated at 94 °C for 5 min; following the
hot start, two cycles consisting of 1 min at 94 °C, 1 min at 65
°C and 1 min at 72 °C were run; the annealing temperature
was subsequently decreased by 1 °C every second cycle until a
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‘touchdown’ at 55 °C, at which temperature five additional
cycles were carried out (27 cycles in total).33 Amplification
products were examined using agarose gel electrophoresis;
products were stored at -20 °C until required.

3. Denaturing Gradient Gel Electrophoresis (DGGE). This
was carried out using the INGENYphorU2 system (GRI). PCR
samples were applied directly onto polyacrylamide gels in 0.5×
TAE buffer (diluted from a 50× concentrated solution; Fisher
Scientific) with gradients (30-60%) that were formed with 8%
(w/v) acrylamide stock solutions [40% acrylamide/bis solution,
37.5:1 (2.6% C); Bio-Rad] containing 2% (v/v) glycerol (BDH),
and which contained 0 and 100% denaturant [(7 M PlusOne
urea; Pharmacia Biotech) and 40% (w/v) PlusOne formamide
(Amersham Biosciences)]. Electrophoresis was run at a constant
voltage of 150 V and a temperature of 60 °C for 16 h. Following
electrophoresis, the gels were silver-stained according to the
method of Sanguinetti et al.40 with minor modifications. Gels
were scanned at 600 dpi and the images analyzed using
GeneTools and GeneDirectory (Syngene).

4. Cloning and Sequencing of Bands. Bands of interest were
excised, crushed in 20 µL of sterile distilled H2O and left at 4
°C overnight. Samples were pulse-centrifuged and aliquots (3
µL) of the supernatants from the crushed bands were used in
PCRs with primer p2 and primer p3 as described above. Each
resulting PCR product was cloned using the StrataClone PCR
Cloning Kit (Stratagene) according to the manufacturer’s
instructions. Three clones for each PCR product were selected
randomly from LB/ampicillin agar plates and subcultured. After
incubation overnight at 37 °C, plasmids were extracted from
the clones by using the QIAprep Spin Miniprep kit (Qiagen).
Sequencing reactions were set up containing the following: 4
µL of BigDye Terminator v3.1 (Applied Biosystems), 1 µL of
primer T7 (5′-TAATACGACTCACTATAGGG-3′), 3 µL of PCR
product and 2 µL of sterile distilled H2O. The reactions were
run on an MJ Research PTC-200 Peltier Thermal Cycler
machine with the following parameters under ‘block’ control:
25 cycles of 96 °C for 10 s, 50 °C for 5 s and 60 °C for 4 min.
Sequencing of PCR products was done via the University of
Reading’s Biocenter.

5. Analysis of Sequence Data. All sequences were edited via
4Peaks version 1.7.2 (by A. Griekspoor and Tom Groothuis,
http://www.mekentosj.com) and proofread. WU-Blast2 searches
were conducted via the European Bioinformatics Institute Web
site (http://www.ebi.ac.uk/databases). Sequence results are
presented as similarity (%) to nearest relative, as absolute
identification of species represented by bands cannot be made
on the basis of an ∼190 nt fragment.

6. Fluorescence in Situ Hybridization (FISH). Frozen fecal
samples were diluted 1 in 10 (w/v) with phosphate-buffered
saline (pH 7.2; Oxoid) and homogenized by pipetting through
a 1 mL tip for 2 min. Aliquots (375 µL) of homogenized fecal
samples were fixed overnight in 3 vol of cold 4% paraformal-
dehyde. Cells were harvested by centrifugation and washed
twice in 1 mL of phosphate buffered saline, then resuspended
in 300 µL of phosphate-buffered saline/ethanol (1:1, v/v) and
stored at -20 °C until required.

Differences in fecal bacterial populations were assessed
through the use of FISH with DNA probes targeting specific
diagnostic regions of the 16S rRNA molecule. To provide up-
to-date information on probe specificity, probe sequences were
checked against database sequences via Probe Match at the
RDP (http://rdp.cme.msu.edu/index.jsp) using the following

search options: 0 mismatches; strains, type and nontype;
source, isolates; size g1200 nt; quality good.

The probes used were Bif164 (targeting most bifidobacteria
and Parascardovia denticolens41), Bac303 (most Bacteroides and
Prevotella spp., Barnesiella spp. and Odoribacter splanchni-
cus42), Chis150 (most members of Clostridium cluster I and all
members of Clostridium cluster II43), Erec482 (most members
of Clostridium cluster XIVa43), Lab158 (most Lactobacillus,
Leuconostoc and Weissella spp., all Enterococcus, Vagococcus,
Melisococcus, Tetragenococcus, Paralactobacillus, Pediococcus,
Oenococcus and Catellicoccus spp. and Lactococcus lactis44), and
Ato291 (all Cryptobacterium, Collinsella, Atopobium, Eggerthella
and Olsenella spp.45). Probes were commercially synthesized
and 5′-labeled with the fluorescent dye Cy3 (Sigma Aldrich).
Hybridization and washing conditions were as described in the
literature. The nucleic acid stain DAPI (4′6-diamidino-2-phe-
nylindole) was used for total bacterial counts. Washed samples
were collected on vacuum-mounted 0.2 µm polycarbonate
filters (Millipore), which were transferred to slides. A drop of
SlowFade Light Antifade Kit (Invitrogen Ltd.) and a coverslip
were applied to each slide. Slides were stored in the dark at 4
°C until counted or for a maximum of 3 days. Slides were
viewed under a Nikon E400 Eclipse microscope. DAPI slides
were visualized with the aid of a DM 400 filter; probe slides
were visualized with the aid of a DM 575 filter. Cells (between
15 and 50 per field of view) were counted for 15 fields of view,
and the numbers of specific bacteria and total bacteria were
determined by using the following equation;

Where the DF (dilution factor) was calculated by taking into
account the concentration of the original sample (375 µL to
300 µL ) 0.8×, taken to 8× to account for the 1/10 dilution
made of the original fecal sample), dilution of the sample in
hybridization buffer and the ratio of total hybridization volume
to volume of sample added. ACC (average cell count) was
determined by counting 15 fields of view and assumes that a
normal distribution was observed for the counts. The figure
14873.73 refers to the area of the filter divided by the area of
the field of view. VH refers to the volume of hybridization
mixture added to the wash buffer. Results from the FISH data
are given as means ( standard deviations (SD). Statistically
significant differences in bacterial groups between the different
groups of animals were determined using the unpaired Stu-
dent’s t-test (P < 0.05).

7. Data Analysis. XWIN NMR software was used to manually
phase, baseline correct and calibrate the NMR spectra. For
urine, the TSP peak was calibrated to δ0.0; for plasma, the
chemical shift of the anomeric proton from alpha-glucose was
calibrated to δ5.223. The spectra were then exported into the
MATLAB (MathWorks) program where, for the urine spectra,
the spectral regions containing water and urea signals was
removed (δ4.6-6.0) and spectra normalized to the total area.
Orthogonal Projection to Latent Structures Discriminant Analy-
sis (OPLS-DA) models were constructed using unit variance
scaled and mean-centered NMR data as the descriptor matrix
and class information as the response variable.46-48 The plasma
CPMG spectra were also imported into MATLAB and the water
peak (δ4.6-5.0) was removed. Again an OPLS-DA model was
created, as for the urine data. As the spectra were affected by
shifts relating to small pH changes, both models were recreated

DF × ACC × 14873.73 × 1000
VH
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with the use of a peak alignment protocol.49 Both the micro-
biology and NMR data were analyzed by OPLS-DA to assess
the difference between the animal genotypes as indicated by
the OPLS-DA predictive cross-validated scores. The OPLS-DA
model was interpreted by means of the OPLS coefficients.
Integrated modeling of microbiology and NMR data was
accomplished using the OPLS and O2PLS methods50 using back
projection of the variables to the covariance matrix according
to the method of Cloarec et al.47 In the O2PLS analysis, the
DGGE data were used as the response matrix with the urine
spectra as the descriptor matrix. Prediction performance was
assessed by the Q2 parameter,51 indicating how well each
variable is predicted over cross-validation. Individual DGGE
bands were used as response variables with the urine 1H NMR
data as the descriptor matrix to complete OPLS analysis.

Results
1H NMR Spectroscopy of Urine. Selected expansions of

typical urinary 1H NMR spectra of each Zucker strain are shown
in Figure 1. For clarity, the spectra are displayed in four
frequency ranges and were broadly similar in composition to
published rat urine spectra from previous studies with me-
tabolites such as citrate, 2-oxoglutarate, trimethylamine N-
oxide (TMAO), hippurate and creatinine dominating the
profile.24,52,53 Visual examination of the spectra indicated that
the (fa/fa) obese strain of the Zucker rats contained relatively

higher levels of acetate (δ1.93 singlet (s)) and lower levels of
hippurate (δ3.97 doublet (d), δ7.56 triplet (t), δ7.65 t, δ7.84 d)
and creatinine (δ3.05 s, δ4.05 s) compared to the other two
strains.

The rat strains were easily discriminated using an Orthogonal
Projection to Latent Structure-Discriminant Analysis (OPLS-
DA) model as indicated in the cross-validated OPLS scores plot
(Figure 2A). The obese (fa/fa) strain is completely separated
from the lean strains, but the two phenotypically lean strain
clusters overlap. To systematically assess detailed metabolic
differences between the three strains, an OPLS-DA model of
1H NMR data obtained from urine was used to establish
pairwise models between all the strains. Successful discrimina-
tion between the (-/-) and the (fa/fa) strains and (fa/-) and
(fa/fa) strains was achieved based on a Q2 or goodness-of-
prediction value of 0.86 and 0.82, respectively, whereas the
comparison for the (-/-) and (fa/-) showed no strongly
significant differences. The OPLS coefficient plots generated
for each model provided a means for interpretation of the
relative influence of the original variables (chemical shifts) on
the OPLS-DA models. The coefficient plots are color-coded
according to the strength of the OPLS coefficients, which are
calculated from the correlation matrix. Orientation of the peak
represents its positive correlation with a given class, and the
magnitude of the signals in the plot is back-scaled to the
covariance matrix. This process results in a plot which is similar

Figure 1. Typical urinary 1H NMR spectra for each Zucker strain. 1, 3-methylglutarate; 2, Propionate; 3, 3-hydroxyisobutyrate; 4, Lactate;
5, Threonine; 6, Alanine; 7, Acetate; 8, 9, Glycoprotein fragments (N-acetyl); 10, Formiminoglutamic acid; 11, Succinate; 12, 2-oxoglutarate;
13, Pyridoxine; 14, Citrate; 15, Methylamine; 16, Dimethylamine; 17, Trimethylamine; 18, Dimethylglycine; 19, Creatinine; 20, cis Aconitate;
21, Taurine; 22, Trimethylamine-N-oxide; 23, Guanidoacetate; 24, Betaine; 25, Hippurate; 26, unknown; 27, N-methylnicotinamide; 28,
Formate; 29, unknown.
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to the original NMR spectra thereby aiding the interpretation
of the discriminating peaks.47 Thus, a red colored peak pointing
upright, for example, creatinine (19) in Figure 3, is positively
correlated with the (-/-) lean strain (the lean strain is
represented at the top of each pairwise coefficient plot). It also
signifies that the (-/-) lean strain has a relatively higher
concentration of a particular metabolite than the comparator
strain. To confer equal influence of all variables on the model,
unit variance scaling of mean-centered data was applied to the
descriptor matrix such that even metabolites with low con-
centrations can influence the overall model if the direction and

nature of differentiation is consistent throughout all animals
in a given strain. Selected sections of the OPLS coefficient plot
illustrating the differences between the (-/-) lean and the (fa/
fa) obese strains are shown in Figure 3. The (-/-) and the
(fa/-) strains produced similar metabolite profiles, resulting
in a poor prediction model when these strains were compared.
This was also consistent with the model comparing the (fa/-)
against the (fa/fa) strain being highly similar to the model
comparing (-/-) and (fa/fa) strains (data not shown).

The major differences in metabolite concentrations between
the (fa/fa) obese and the (-/-) lean Zucker strains included

Figure 2. Fully cross-validated scores plot from the OPLS-DA model for the three Zucker strains. (A) Scores plot from the urinary 1H
NMR data. (B) Scores plot from the plasma CPMG 1H NMR data. (C) Scores plot from the DGGE data (red circle, (-/-) lean strain; blue
circle, (fa/-) lean strain; green circle, (fa/fa) obese strain).

Figure 3. An OPLS-DA model discriminating between the lean (-/-) strain and the (fa/fa) obese strain from the urinary 1H NMR profiles.
R2 ) 0.97; Q2 ) 0.86. 1, 3-Methylglutarate; 2, Propionate; 4, Lactate; 6, Alanine; 7, Acetate; 8, 9, Glycoprotein fragments (N-acetyl); 10,
Formiminoglutamic acid; 11, Succinate; 12, 2-Oxoglutarate; 13, Pyridoxine; 14, Citrate; 18, Dimethylglycine; 19, Creatinine; 20, cis
aconitate; 21, Taurine; 22, Trimethylamine-N-oxide; 23, Guanidoacetate; 24, Betaine; 25, Hippurate; 28, Formate; 29, unknown; 30,
Phenylacetylglycine.
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lower urinary concentrations of creatinine, hippurate and
TMAO in the (fa/fa) obese strain, with creatinine being the
most markedly different between the two groups. The (fa/fa)
strain had higher levels of urinary acetate than (-/-) and (fa/
-). From the OPLS coefficient plots, a relative measure of
concentration differences could be observed and they also
showed which of the rat strains had the dominant amount of
any given metabolite. The relative differences in concentration
for the most important metabolites are listed in Table 1.

1H NMR Spectroscopy of Plasma. Each plasma sample was
analyzed by three different NMR experiments producing three
separate spectral data sets for each sample, containing infor-
mation on molecular diffusion and spin relaxation. An example
of each spectrum type can be viewed in the Supporting
Information, Figure 1. Spin-echo spectroscopy (CPMG) of
plasma allows signals from small molecules to be observed
more easily because of the attenuation of broad protein and
lipoprotein signals via T2 relaxation.25,54 If the overall lipopro-
tein concentrations are high, then signals from lipoproteins,
particularly the more mobile components of the lipoproteins,
may still be observed; consequently, the CPMG spectra have
been chosen to create the statistical models to represent the
plasma samples and the other spectra were consulted for
verification of several of the lipoprotein peaks. Selected expan-
sions of typical plasma CPMG spin-echo 1H NMR spectra of
each strain, displayed over three different NMR frequency
ranges for clarity, are supplied in the Supporting Information
Figure 2. The glucose signals (δ3.2-3.9) appeared slightly lower
in intensity in the plasma of the (fa/fa) obese animals com-
pared to those of the other strains. This is in agreement with
previous 1H NMR investigations,32 but was not found to be an
important discriminator in the OPLS-DA model (Figure 4),
suggesting that glucose levels were still under control and that
the (fa/fa) strain had not yet developed insulin resistance.
Conventional measurement of plasma glucose levels supported
this finding (lower plasma glucose levels for the obese (fa/fa)

strain), but likewise, these data were not found to be statistically
significant (-/- 16.4 mmol/L, fa/- 17.8 mmol/L, fa/fa 15.1
mmol/L). The spectra obtained for the plasma of the (fa/-)
and (-/-) lean strains were similar and did not result in
discriminatory models, as was the case for the urine spectral
data (data not shown). OPLS-DA modeling enabled discrimina-
tion between the obese (fa/fa) strain and the two lean strains,
which were overlapping in the cross-validated OPLS scores plot
(Figure 2B). Table 1 shows the relative concentration differences
for metabolites demonstrating the highest correlation with
strain. A key metabolic difference separating the (-/-) and the
(fa/fa) strains in the plasma spectra is acetoacetate (δ2.22,
singlet), which is higher in the (fa/fa) obese strain (Figure 4).
Another major difference was that the plasma of the (fa/fa)
obese strain contained higher levels of low density lipoprotein
(LDL) and very low density lipoprotein (VLDL) concentrations
relative to the other strains. This was also confirmed by viewing
the relative lipoprotein concentrations in an OPLS-DA analysis
of the diffusion-edited spectra (Figure 3, Supporting Informa-
tion).

Microbiology. For a quantitative measure of fecal bacterial
numbers, FISH was used to estimate the relative population
sizes of bacterial groups in the feces of the three different
Zucker strains. While FISH analysis has inherent biases in
relation to cell-membrane permeability and accessibility of
probes, it gives a more accurate representation of the numbers
of bacteria belonging to different bacterial groups (at the
phylum, family or genus level) than PCR-based studies. Dif-
ferences in bacterial population levels within the gut microbiota
of the different Zucker strains may indicate a direct impact of
the obese state on the composition and functioning of the
intestinal microbiota.

Numbers of total bacteria, based on DAPI counts, were
significantly lower in the obese (fa/fa) rats compared to the
nonobese (fa/- and -/-) rats (Figure 5A). The most striking
difference between the microbiota profiles of the (fa/fa) rats

Table 1. Relative Change in Concentration between the Lean (-/-) Strain and the (fa/fa) Obese Strain from the Urinary and
Plasma CPMG 1H NMR Dataa

a Listed in order of magnitude, greatest first. (s), singlet; (d), doublet; (t), triplet; (q), quartet; (m), multiplet; (bs), broad singlet.
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and the nonobese phenotypes was a significantly lower Bif164
count in the obese rats. Erec482 and Lab158 counts were
significantly higher in the (fa/fa) rats compared to the (-/-)
and (fa/-) rats, respectively. Ato291 counts were significantly
lower in the (fa/fa) rats compared to the (fa/-) rats. In addition,
significant differences were observed between the microbiota
profiles of the (fa/-) and (-/-) strains. The (-/-) rats had
significantly lower Erec482 and Lab158 counts compared to the
(fa/-) rats. Similar Chis150 counts were observed for all three
Zucker strains, while much variation and no significant strain-
related differences were observed in the Bac303 counts between
the different strains. A cross-validated scores plot from the
OPLS-DA analysis using the FISH count information is shown
in Figure 5B, which describes differences in the gut microbiota
profiles. With the use of the bacterial count information, the
three Zucker strains are each occupying their own space in the
plot, although there was one outlier from the (-/-) strain
which was closer to the (fa/-) strain (due to higher Bif164,
Ato291, Erec482 and Bac303 counts). The plot shows that the
obese (fa/fa) rats were clearly separated from the other animals
due to lower Bif164 and higher Erec482 and Lab158 counts.

The DGGE profiles obtained from the feces of each individual
rat are shown in Figure 6. These profiles provide a semiquali-
tative fingerprint of the bacteria present in the feces of the
animals. It is well-known that qualitative methods such as
cloning, and by extension DGGE, provide only a ‘snapshot’ of
a bacterial community, with “...each physical, chemical and
biological step involved in the molecular analysis of an envi-

ronment...a source of bias which will lead to a distorted view of
the ‘real world’’’.55 The advantage of DGGE over other meth-
odologies is that it allows a relatively high throughput of large
numbers of samples for a modest cost. Its disadvantage is that
phylogenetically useful information cannot be retrieved from
sequences of <200 nt, as is the case with the primers used
herein. This is also a disadvantage with novel high-throughput
sequencing (HTS) methods, from which reads of 25-250 bases
are produced.56 DGGE does, however, allow genus-level clas-
sifications to be made. While HTS methods are widely used in
analyses of microbial diversity, they are generally applied to
small numbers of samples, which precludes characterization
of patterns of microbial diversity across space and time.57

Tagging approaches may increase the robustness of HTS
methodologies, but they still do not get around the fact that
many thousands of sequences have to be collated and analyzed
from several separate libraries of clones. In a study such as
the one described herein, analyzing thousands of clones from
each of the animals studied would be impractical. In addition,
while approaches such as 454 pyrosequencing can determine
the sequences of huge numbers of different DNA strands at
one time, to date, it seems that these new approaches are not
as yet much cheaper than electrophoresis technologies.56 While
HTS methods are ideal for sequencing whole genomes relatively
cheaply, their use in ecological studies is still limited. Only one
study has used fecal samples (from calves) with a HTS method
(pyrosequencing).58 Fingerprinting techniques are better suited
toward ecological studies, and allow us to monitor shifts in

Figure 4. An OPLS-DA model discriminating between the lean (-/-) strain and the (fa/fa) obese strain from the plasma CPMG 1H NMR
profiles; R2 ) 0.82; Q2 ) 0.69. 4, Lactate; 6, Alanine; 7, Acetate; 14, Citrate; 17, Trimethylamine; 19, Creatinine; 21, Taurine; 31, LDL
(CH3); 32, VLDL (CH3); 33, Isoleucine; 34, Leucine; 35, Valine; 36, D-3-Hydroxybutyrate; 37, LDL (CH2)n; 38, VLDL (CH2)n; 39, VLDL
(CH2CH2CO); 40, LDL (CH2CdC); 41, LDL (CH2CO); 42, Acetoacetate; 43, Glutamate; 44, LDL (CdCCH2CdC); 45, Phosphocholine; 46,
Glucose; 47, Glycine; 48, Glyceryl of lipids (CHOCOR); 49, Unsaturated LDL ()CHCH2CH2).
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bacterial populations over time and between different animals;
hence, DGGE was also applied in this study.

The DGGE gel was analyzed using Syngene GeneTools, which
was used to extract the bands in multiple lanes providing a
semiquantitative measure of area under the curve (band
density). A total of 102 bands were detected in the DGGE gel,
with some bands only present in one animal and others
ubiquitous. These data were used to create OPLS coefficient
plots in the same way as for the 1H NMR data (OPLS-DA
analysis). To allow the best model, the data were filtered and
only bands that appeared in at least 50% of the animals in at
least one strain were retained; this resulted in 68 of the bands
remaining. The cross-validated scores plot from the OPLS-DA
analysis of the Zucker strains using the DGGE data showed
excellent separation and good predictive ability for all three
strains (Figure 2C). Several bands were seen to be causing the
separation of the lean (-/-) and obese (fa/fa) strains (Sup-
porting Information, Figure 4) and this was also true for each
of the pairwise OPLS coefficient plots. OPLS-DA models gener-
ated using DGGE data were significant for all the pairwise
comparisons.

To decide which bands should be examined further by
cloning and 16S rRNA gene fragment sequencing, the OPLS
coefficients were used to indicate the relative influence of each

band on the OPLS-DA models. Three bands were excised,
cloned and sequenced to give a preliminary view of the
microbial species which caused the separation for the obese
animals. All three bands were positively correlated with the
obese (fa/fa) strain. Band 39 only appeared in the (fa/fa) strain;
band 66 was intense for the obese (fa/fa) strain, but the two
lean (fa/- and -/-) strains had equally less intense bands,
and band 70 showed a gradual decrease in intensity from the
(fa/fa) to (fa/-) and finally the lean (-/-) strain. Assessment
of the intensity of the bands was based on the area under the
curve for each peak. However, it should be noted that assuming
that the appearance and disappearance of a band, or indeed
its intensity, can be attributed to the increase or decrease in
numbers of a specific type of bacterium is a conclusion that
can only be reached with considerable caution, particularly
when using universal primer sets to examine complex ecosys-
tems.59

Multiple clones, from the bands mentioned above, were
processed and each replicate sequence was subject to an WU-
Blast2 search for sequence identification. Although one of the
replicates of band 39 was 100% similar to Halomonas sp. 10003
(GenBank accession no. EU432573; a member of the class
Gammaproteobacteria), another replicate was 100% similar to
an uncultured member of the phylum Bacteroidetes (clone
D748, GenBank accession no. AY986347). More refined se-
quence analyses revealed that the uncultured Bacteroidetes
clone was most closely related to Bacteroides caccae and
Bacteroides coprosius (∼5% sequence divergence, based on a
comparison of 189 nt). The finding of one band representing

Figure 5. (A) Fecal bacterial population levels determined via FISH
analysis for the three rat strains examined in this study. Data (n
) 8 per rat strain) are expressed as mean ( standard deviation.
Details for the bacterial groups covered by the probes are given
in Materials and Methods. Significant differences (P < 0.05) in
the counts between strains were determined by unpaired Stu-
dent’s t-test and are represented by the following; †, (fa/fa) and
(fa/-); *, (fa/fa) and (-/-); ‡, (fa/-) and (-/-). (fa/fa) green square;
(fa/-) blue square; and (-/-) red square. (B) Cross-validated
scores plot from the OPLS-DA model showing clear separation
of the Zucker genotypes according to fecal bacterial population
levels as determined by FISH. Red circle, (-/-) lean; blue circle,
(fa/-) lean, green circle, (fa/fa) obese.

Figure 6. DGGE gel showing the bacterial profiles generated from
the fecal microbiota of the three Zucker strains examined in this
study. Arrows indicate bands that were shown to be of signifi-
cance in relation to the different genotypes. Band 39 was unique
to the (fa/fa) strain and its sequences were derived from a
Halomonas sp. and a member of the Bacteroidetes; band 66 was
most intense in the (fa/fa) strain but the two lean (fa/- and -/-)
strains had equally less intense bands, and its sequence was
derived from a Sphingomonas sp.; band 70 showed a gradual
decrease in intensity from the (fa/fa) to (fa/-) and finally the lean
(-/-) strain, and its sequence, was derived from a Halomonas
sp. (99.5% sequence similarity to band 39).

research articles Waldram et al.

2368 Journal of Proteome Research • Vol. 8, No. 5, 2009

http://pubs.acs.org/action/showImage?doi=10.1021/pr8009885&iName=master.img-006.jpg&w=217&h=273
http://pubs.acs.org/action/showImage?doi=10.1021/pr8009885&iName=master.img-007.jpg&w=238&h=229


more than one species of bacteria in DGGE profiles is not
unique, but it is a phenomenon that is often overlooked or not
reported by researchers.59,60 It is also important to remember
that sequences that are different may still result in similar
denaturing properties, causing them to comigrate on a gel.59

For example, the Halomonas sp. and Bacteroides sp. identified
in band 39 were 194 and 189 nt long, respectively, and differed
in their G + C contents (56.7 and 47.6 mol%, respectively), yet
they migrated to the same point of the gel. Band 70 was also
closely related to Halomonas sp. 10003 (99.5%). Comparison
of the Halomonas sequences from bands 39 and 70 showed
them to display 99.5% sequence similarity (i.e., 1 mismatch in
194 nt). It is possible that both bands are from the same
bacterium, with the organism having multiple copies of the 16S
rRNA gene but with sequence heterogeneities. The problems
of variable copy numbers and sequence heterogeneities in
relation to cloning and DGGE studies based on 16S rRNA gene
sequences have been highlighted by a number of authors,61-63

although it has been acknowledged that targeting the V3 region
of the 16S rRNA gene for the DGGE studies of gastrointestinal
microbiomes generates the best profiles in terms of species
richness and resolution.64 Band 66 was 100% similar to Sph-
ingomonas sp. BF14 (GenBank accession no. Z23157; a member
of the class Alphaproteobacteria). The sequences determined
from the bands discussed in this study have been deposited
with GenBank under accession numbers AM950263-AM950266.

Integration of Metabotype and Microbiome Data. To model
covariation patterns between metabolic data and microbiome
data, and investigate potential relationships between the
urinary 1H NMR metabolite data and the individual bacterial
counts from FISH, OPLS models using the 1H NMR data to
predict the relevant bacteria were established. As an example,
the 1H NMR urinary data were used as the descriptor matrix
(X) and the bacterial count for Bif164 was used as the response
variable (Y). The bacteria targeted by this probe were chosen
as an example as they had connections to the “healthier” strain
and showed the most important difference for the (fa/fa) strain
compared to the other two strains. The OPLS model shows the
correlation between the urinary 1H NMR data (descriptor
matrix) and the Bif164 count from FISH (response variable) as
seen in the OPLS inner relation plot (Figure 7A). The plot not
only showed the correlation but also that the obese (fa/fa)
animals had consistently lower Bif164 counts. The correspond-
ing OPLS coefficient plot indicates which metabolites are
correlated and which are anticorrelated with the particular
bacterial group (Figure 7B). The metabolites that correlated
most strongly with the Bif164 population were creatinine,
hippurate and phenylacetylglycine (PAG), whereas acetate was
anticorrelated.

Another method of achieving an integrated model is to use
a single DGGE band as the response variable to show interac-
tions between metabolites and bacteria. Band 70 was selected
from the DGGE gel and regressed against the 1H NMR urinary
metabolite profiles. This band was selected as it had the highest
positive correlation with the (fa/fa) strain and was successfully
identified (Halomonas sp.). The OPLS inner relation plot is
shown in Figure 8A. The corresponding OPLS coefficient plot
indicates which metabolites are correlated and which are
anticorrelated with band 70 (Figure 8B).

While band 70 (Halomonas sp.) was positively correlated to
the (fa/fa) obese strain, the OPLS coefficient plot showed that
there were only a few specific metabolites that were positively
correlated to this band, acetate being the main covarying

metabolite. However, there were many more metabolites that
were anticorrelated to this band, including hippurate, pheny-
lacetylglycine and TMAO, which are microbial cometabolites.

Since the model predicting individual DGGE bands from the
urinary 1H NMR data was strong, that is, Q2 values of ∼0.55,
using OPLS modeling, an O2PLS model was established to
further examine if a joint model including all DGGE variables
could be used for prediction modeling between the two data
sets, which would indicate that consistent multivariate cova-
riation patterns between the metabolites and bacterial strains
were present. The urinary 1H NMR data were used as the
descriptor matrix and the filtered DGGE data used as the
response matrix. The models that were created are shown in
Figure 9, where the color indicates the Q2 values (prediction
performance) for each variable, peaks or bars which appear
red have high predictive capability.

The 1H NMR peaks which were statistically well-predicted
by the DGGE data were citrate, hippurate and three sets of
peaks at δ2.03, δ2.16 and δ2.26 (all multiplets) which have been
tentatively identified as formiminoglutamic acid (FIGLU) based
on their concordance with the literature.65 FIGLU, citrate and
hippurate had Q2 values of 0.69, 0.40, and 0.31, respectively.
Several of the DGGE bands were well-predicted by the 1H NMR
data. Two of the bands that appeared in red (highest correla-
tion) had already been identified from the OPLS-DA models
of the strain comparison using the DGGE data; band 66
(Sphingomonas sp.) had a predictive Q2 value of 0.58 and band
70 (Halomonas sp.) had a predictive Q2 value of 0.54. To further
test the robustness of this method, several peaks/bands from
the 1H NMR and the DGGE gel were selected, with high and
low Q2 values, and both Pearson and Spearman correlations
were completed. The results are consistent with the O2PLS
model and are displayed in the Supporting Information in
Table 1.

Discussion

Urinary Metabolic Differences Corresponding to Geno-
type Variation. Significant metabolic differences were estab-
lished between the disease-prone Zucker (fa/fa) obese rats and
the other two lean strains even at 10 weeks of age, that is, prior
to the development of insulin resistance in the obese strain,
but after the onset of obesity (from weaning at 4 weeks). The
1H NMR spectroscopic data obtained from the analysis of urine
showed major differences between strains including creatinine,
TMAO and hippurate which were all lower in the urine of the
(fa/fa) strain; conversely, acetate was relatively higher in the
(fa/fa) obese strain. Creatinine is linked to muscle mass66 and
the lower levels observed could be a result of their excessive
weight and relative lack of muscle due to low physical activity.
TMAO derives both from the diet and also from microbial
metabolism of choline. Hippurate is a gut microbial mam-
malian co-metabolite of benzoic acid which can be generated
by a range of gut microbes from other low molecular weight
aromatic compounds and polyphenolics in the gut and is
subsequently glycine conjugated in the mitochondria and
excreted in the urine.4 Given that the food type and supply
was constant, the observed strain differences in hippurate and
TMAO excretion is more likely an indication of functional
differences in the microbiome metabolic activity of the (fa/fa)
animals.24 Hippurate has also been linked inversely to blood
pressure, suggesting a further connection with diet and obe-
sity16 and has been reported to be present in higher concentra-
tions in the urine of caloric-restricted dogs in comparison with
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their nonrestricted counterparts.67 Therefore, the consensus
from all of these studies is that urinary hippurate is positively
associated with a lean phenotype.

Plasma Metabolic Differences Corresponding to Geno-
type Variation. For the plasma CPMG spin-echo and diffusion-
edited 1H NMR data, the LDL and VLDL lipid profiles were
significantly different between the obese and lean animals, with
these lipoproteins relatively increased in the obese animals.
Here, we illustrate this using CPMG pulse sequence data which
demonstrate residual contributions from the smaller, more
mobile lipoprotein components. This is further supported by
the OPLS-DA model of the diffusion-edited data in Figure 3 in

the Supporting Information. Other strain-related variations
included acetoacetate, isoleucine and leucine, all of which were
relatively higher in the obese (fa/fa) animals. Acetoacetate is a
ketone body formed from D-3-hydroxybutyrate, which would
appear in both plasma and urine if the animal has a reduced
ability to respond to insulin; elevated ketone levels are an early
indicator of insulin resistance. Ketone bodies are formed by
oxidizing nonesterified fatty acids (NEFAs) in the liver, the
production of NEFAs are regulated by insulin.68 These ketones
are detrimental to the health of the animals if present in high
concentrations. Here, isoleucine and leucine (ketogenic amino
acids54) were observed at higher levels in the plasma in the

Figure 7. (A) OPLS inner relation plot showing the correlation between the urinary 1H NMR spectroscopic data (X) and the Bifidobacteria
counts (Y). (B) OPLS coefficient plot showing urinary 1H NMR metabolites that correlate and anticorrelate to Bifidobacteria. R2 ) 0.86;
Q2 ) 0.55. 1, 3-Methylglutarate; 7, Acetate; 8, 9, Glycoprotein fragments (N-acetyl); 10, Formiminoglutamic acid; 12, 2-Oxoglutarate;
13, Pyridoxine; 14, Citrate; 19, Creatinine; 22, Trimethylamine-N-oxide; 23, Guanidoacetate; 25, Hippurate; 30, Phenylacetylglycine; 28,
Formate; 29, unknown; 36, D-3-Hydroxybutyrate.
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obese (fa/fa) rats compared to the lean (-/-) animals, and
have also been shown to be high in uncontrolled human
diabetics.54 The relatively higher concentration of the ketogenic
amino acids with acetoacetate in the obese animals suggests
the beginning of a disruption of glucose regulation.

Microbial Differences Corresponding to Host Genotype
Variation. The three Zucker strains could be clearly distin-
guished from each other through differences within the bacte-
rial population levels of their dominant gut microbiota based
on FISH counts and via DGGE profiling of the fecal microbiota.
All animals had a common biological lineage and were subject
to the same diet (i.e., same batches of food) and exposure to

laboratory environment. Although they were housed according
to phenotype after 6 weeks of age, they were kept in the same
environment. The initial intestinal microbiota of infants is
obtained from maternal inoculum at birth and develops as a
consequence of diet and genetics.69 The production of these
rat strains by crossing (fa/-) parents should ensure that a
similar fecal microbiota was initially conferred on all animals.
Consequently, we conclude that, although the differences
observed between the obese and lean animals may well be a
result of differing caloric intake, the variations among the three
strains may arise from host biochemistry and genetics having
a role in the composition of the fecal microbiota.

Figure 8. (A) OPLS inner relation plot showing the correlation between the urinary 1H NMR spectroscopic data (X) and the Halomonas
sp. (band 70) (Y). (B) OPLS coefficient plot showing urinary 1H NMR metabolites that correlate and anticorrelate to Halomonas sp.
(band 70). R2 ) 0.62; Q2 ) 0.50. 1, 3-methylglutarate; 7, Acetate; 8, 9, Glycoprotein fragments (N-acetyl); 10, Formiminoglutamic acid;
12, 2-oxoglutarate; 13, Pyridoxine; 14, Citrate; 19, Creatinine; 22, Trimethylamine-N-oxide; 23, Guanidoacetate; 25, Hippurate; 30,
Phenylacetylglycine; 28, Formate; 29, unknown; 36, D-3-Hydroxybutyrate; 50, Fumarate.
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The (fa/fa) obese strain had significantly lower DAPI (total
bacteria) and Bif164 counts when compared to the lean (fa/-
and -/-) strains. Differences in bacterial populations were also
observed between the two lean phenotypes, with the (-/-) rats
having significantly lower Lab158 and Erec482 counts com-
pared to the (fa/-) rats. The physiological status of the rats’
gastrointestinal tracts is clearly genotype-dependent, and the
differences observed in the fecal microbiota of the three strains
studied here support previous findings,70 that is, the physi-
ological status of the gastrointestinal tract and not just diet has
a major role in the regulation of important groups of the
gastrointestinal microbiota. The finding of lower Bif164 counts
in the obese rats compared with the lean rats provides the first
report demonstrating a direct and inverse association between
bifidobacteria and an obese phenotype. It also provides sup-
port, in relation to obesity-associated conditions, for the
conclusions of Cani et al.,71 who suggested a role for bifido-
bacteria in the regulation of endotoxaemia in C57b16/J mice.

The lower Bif164 counts in the (fa/fa) strain were parallel to
the decrease in urinary hippurate observed in this strain,
suggesting that bifidobacteria are important in distinguishing
between the obese and lean strains. Bifidobacterium species
are known to produce acetate and lactate as principal end-
products of glucose fermentation, are recognized as being
important members of the beneficial gut microbiota, are
commonly used probiotics and are the means through which
most prebiotic functional foods are proposed to mediate their
health-promoting activities.72 There are currently no published
reports on the ability of bifidobacteria to produce hippurate
from benzoate via glycine conjugation or an associated role
for them influencing systemic hippurate levels and hippurate
is not observed in the fecal water of any strain of animal.
Comparison of the benzoic acid-producing capabilities of
strains of bifidobacteria with other intestinal bacteria would

provide information on those members of the fecal microbiota
responsible for benzoate products and/or its metabolic
intermediaries.

While recent studies have shown the importance of
Bacteroidetes/Firmicutes ratio in obesity,73 our data broadly
support these findings, and additionally, we provide analyses
at a lower taxonomic level (genus) indicating that bifidobacteria
may also play a role in protection against obesogenesis. The
bifidobacteria are rarely considered in such global studies
because they are not usually recovered in metagenomic PCR-
based clone libraries employing “universal bacterial” 16S rRNA
gene primers. Various reasons have been provided for this
observation, including selection of PCR primers (in relation to
efficiency and target) and cycle conditions.74,75 Genome size
and the copy number of the 16S rRNA gene also vary between
species and even strains of the same species, confounding the
issue further.55,76 It is important to consider the DGGE profile,
as well as the FISH data, as it attempts to map the entire
colonization found in feces, although the same biasing against
bifidobacteria is encountered as for clone libraries. The DGGE
profile indicates that there are differences in the other bacteria
present in the gut. The relative intensities of the bands from
the DGGE profiles are also capable of completely separating
each strain, providing a useful tool to microbiotype the three
strains of animals.

Three bands (39, 66 and 70) selected from the OPLS-DA
analyses of DGGE data were cloned. Two bands were successfully
identified as a Halomonas sp. (band 70) and a Sphingomonas sp.
(band 66). Band 70 (Halomonas sp.), which was present in the
DGGE profiles of all animals, was the most significantly different
when comparing the lean (-/-) and the obese (fa/fa) strains, with
a relatively denser band in the obese animals. Halomonas aqua-
marina has been detected via a cloning study in pigs77 and
‘Halomonas phocaeensis’ has been the cause of an outbreak of

Figure 9. (A) 1H NMR prediction results from the O2PLS model using the urine data. FIGLU, Formiminoglutamic acid. (B) DGGE prediction
results from the O2PLS model using the bacterial band information (*, identified bands). Color corresponds to the predictive ability of
the model (Q2).
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bacteraemia in a neonatal intensive care unit.78 Halomonas
magadiensis has been shown to have antagonistic activity against
lipopolysaccharide (LPS) produced from Escherichia coli, with this
LPS having been shown to be associated with endotoxic shock in
the human enteric system.79 Recent work identified Halomonas
spp. as important components of acetate-fed sludge reactors.80

Thus, the relative acetate levels of the different rat strains may be
responsible for the observed distinction in the density of band
70, with the obese strain associated with higher acetate levels. The
current study is the first to suggest an association between
Halomonas spp. and obesity. With regard to band 66, the genus
Sphingomonas includes important xenobiotic-degrading bacteria
that are sometimes associated with human infections81 and
immune responses.82 Sphingomonas spp. have also been isolated
from the oral cavity of mice83 and, together with Bacteroides
thetaiotaomicron and other bacterial species, are considered to
be efficient carbohydrate scavengers (via TonB-dependent recep-
tors).84

Metagenomic-Metabolic Data Integration. An OPLS analy-
sis of the urinary 1H NMR data and a single band (70) revealed
that several microbiota co-metabolites, hippurate, pheny-
lacetylglycine, TMAO, are anticorrelated to the detected Ha-
lomonas sp. The O2PLS analysis integrating the urinary 1H NMR
data and the filtered DGGE data provided insights into which
metabolites were associated to the microbiota. Unsurprisingly,
it revealed that the hippurate concentration in the urine, as
represented by the 1H NMR data, was well-predicted by the
microbial data, especially bands 28, 29, 32, and 66 (Sphin-
gomonas sp.). These results could be further tested by intro-
ducing inoculums obtained from the three different Zucker
strains into germfree animals.

An OPLS model assessing the multivariate associations of
the 1H NMR urinary data and the Bif164 counts (from FISH)
revealed a good relationship. It was also illustrated that the
obese (fa/fa) strain had lower Bif164 counts, together with a
relatively lower hippurate concentration and a higher acetate
concentration. The concentration of acetate is likely to be
attributed to other bacteria present in the obese animals, as
bifidobacteria are acetate producers.85

The O2PLS model using the urinary 1H NMR data and the
filtered DGGE density data allowed visualization of several
possible associations between the two data sets. This model
supported many of the results already discussed, that is, the
association of urinary hippurate with several microbial species
and that Halomonas sp. (band 70) and Sphingomonas sp. (band
66) are closely associated with the urinary 1H NMR data.

Conclusions

Classification of the metabolic phenotypes for lean (-/-)
and obese (fa/fa) strains was readily achieved using 1H NMR
spectra. However, the two lean strains (-/- and fa/-) could
not be easily discriminated. Interestingly, despite being meta-
bolically similar, the (fa/-) and the (-/-) leans rats differed
in their microbiomes to the extent that the DGGE profile could
be used to robustly predict a separation, suggesting that the
microbial differences did not significantly impact on the host
end-point metabolic status. Fecal bacterial counting using FISH
also achieved good separation between all three strains using
seven FISH probes. The (fa/fa) obese rat was unlike the other
animals in this study, separating in each of the three methods,
that is, 1H NMR, FISH and DGGE, from the other two strains
of Zucker rat. Modeling the metabolic and microbial covariation
using the O2PLS method identified correlations between

specific DGGE bands and several urinary variables, which gave
insight into possible interactions between the host and the
microbiome. It is not clear how the differences in microbiotype
between the (fa/fa) obese animals and the lean rats relate to
host genotype variation. However, both the metabolic and
metagenomic data sets show obvious associations with lean
and obese phenotypes, consistent with previous observations
on obese (ob/ob) mouse models.86 It now appears that even
phenotypically silent gene or SNP variations (e.g., (fa/-) and
(-/-)) may have occult host phenotype physiological influ-
ences that give rise to microbiome population selection and/
or activity variations which may have wider implications when
considering interspecies and interstrain variations in disease
development and responses to therapies and their relevance
to problems in personalized healthcare.4,5,87,88 It also opens
up new discovery biology opportunities for finding novel
functional members of the microbiome that connect to host
metabolism in disease states and as we have recently suggested
the possibility of treating or selectively drugging the micro-
biome with its large number of targets to achieve personalized
healthcare benefits.19
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comparing the (-/-) lean strain and the (fa/fa) obese strain
from the DGGE profile. This material is available free of charge
via the Internet at http://pubs.acs.org.
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