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Themetabolome is a data-rich source of information concerning all the low-molecular-weight metabolites in a biofluid, which can indicate
early biological changes to the host due to perturbations inmetabolic pathways.Major changes can be seen afterminor stimuli, whichmake
it a valuable target for analysis. Due to the diverse and sensitive nature of the metabolome, studies must be designed in a manner to
maintain consistency, reduce variation between subjects, and optimize information recovery. Technological advancements in
experimental design,mousemodels and instrumentation have aided in this effort.Metabolomics has the ultimate potential to be valuable in
a clinical setting where it could be used for early diagnosis of a disease and as a predictor of treatment response and survival. During drug
treatment, themetabolic status of an individual could bemonitored and used to indicate possible toxic effects.Metabolomics therefore has
great potential for improving diagnosis, treatment and aftercare of disease.
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Metabolomics is the unbiased global survey of all the low-
molecular-weight molecules or metabolites in a biofluid, cell,
tissue, organ, or organism (Johnson et al., 2011a). These
metabolites are the final downstream products of genomic,
transcriptomic, and/or proteomic perturbations (see Fig. 1).
Global metabolomics studies have effectively shown biological
changes resulting from disease or environmental interactions,
and revealed novel mechanisms not previously identified by
other biochemical experiments. Metabolomics has also
revealed possible routes for further investigation. Both nuclear
magnetic resonance (NMR) spectroscopy and mass
spectrometry (MS) based metabolomics have been applied
successfully to numerous in vitro and in vivo studies. These
studies have revealed metabolic pathway disruption in many
disease types including cardiovascular disease (Brindle et al.,
2002; Kirschenlohr et al., 2006), diabetes (Fiehn et al., 2010;
Patterson et al., 2011), inborn errors of metabolism (Arn, 2007;
Wikoff et al., 2007), alcohol-induced liver injury (Manna et al.,
2010, 2011), and various cancers (Cheng et al., 2005;Chan et al.,
2009). Exposure to environmental influences such as ionizing
radiation in cellular and rodent models (Patterson et al., 2008;
Tyburski et al., 2008, 2009; Lanz et al., 2009; Johnson et al.,
2011b), and xenobiotic use in rodents and non-human primates
(Cheung et al., 2005b; Giri et al., 2006, 2007; Chen et al., 2006,
2007, 2008; Ma et al., 2008a; Cheng et al., 2009; Liu et al., 2009;
Li et al., 2010, 2011; Pang et al., 2011) have been explored by
metabolomics and revealed numerous novel metabolites and
mechanisms of action. The influence of individual gene
alterations on the metabolome has also been demonstrated by
metabolomics (Zhen et al., 2007; Bonzo et al., 2010; Cheng
et al., 2010). Although metabolomics can successfully identify
metabolic signatures and mechanisms of disease, there are
some challenges that need to be considered when
implementing a metabolomic study. Here, we will discuss the
issues faced in metabolomics analysis with possible solutions,
alongwith a selection of innovative ideas for future applications.

Challenges of Metabolomics Analysis

The metabolome is sensitive to various genetic and
environmental stimuli. Therefore the execution of a
metabolomic study requires the consideration of a number of
factors so that confounders can be limited and information
recovery optimized. Augmenting experimental design is
essential to reduce interindividual variation, and a decision has
to be made as to which analytical platform is the most effective
for the experiment or laboratory, both of which can affect the

outcome of the experiment and data recovery. Another
limitation to metabolomics, particularly with liquid
chromatography (LC)-MS-based metabolomics, is assigning
identity to the biomarkers.

Reducing Interindividual Variation

The metabolome is influenced by genetic, environmental and
gut microbiota pressures, thus subtle variations between
individuals can result in large perturbations to metabolite
concentrations and flux. Environmental factors include diet,
stress, xenobiotic use, lifestyle, and disease, while genetic
variation can result from differences in gender, epigenetics, and
gene polymorphisms (Johnson et al., 2011a). The gutmicrobiota
can modify the host metabolome through co-metabolism of
compounds such as dietary phenols and phenylalanine. It can
also co-metabolize xenobiotics (Wilson and Nicholson, 2009;
Wallace et al., 2010) including prontosil (Gingell et al., 1971),
fostamatinib (Sweeny et al., 2010), and acetaminophen (Mikov
et al., 1988). Furthermore, alterations in the gut microbe
environment have been shown to be associated with diseases
such as obesity (Ley, 2010). These gut microbiota, genetic, and
environmental factors contribute to interindividual differences
in the metabolome, but the interplay between them can further
confound results. For example, a group of individuals exhibiting
variation in genes encoding xenobiotic-metabolizing enzymes
and transporters will metabolize xenobiotics differently; there
will also be the added influence of co-metabolism from their gut
microbiota. Dietary grapefruit ingestion inhibits xenobiotic-
metabolizing enzymes such as cytochrome P450 (CYP)3A4 and
some transporters (Hanley et al., 2011). Indeed, grapefruit-drug
interactions have been seen with antihypertensives,
antimicrobials, benzodiazepines, antihistamines, statins, and
chemotherapeutics (Kiani and Imam, 2007). Therefore, this
dietary environmental intervention could additionally confound
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themetabolismof xenobiotics administered to these individuals
and their metabolomic profiles.

To overcome the confounding effects of variation, the
concept of a metabolic fingerprint or the metabotype was
conceived to encompass and identify all the possible variation in
an individual. The metabotype was first defined as ‘‘a
probabilistic multiparametric description of an organism in a
given physiological state based on analysis of its cell types,
biofluids, or tissues’’ (Gavaghan et al., 2000). It is an important
considerationwhen studying the effect of a specific intervention
on a system. It could aid in patient stratification for clinical trials
where pharmacogenomics is primarily used to stratify
populations by genotype. Trials may benefit from using
metabotypes for population stratification, so that responders
and non-responders can be defined. This could aid in greater
success in drug development by considering both the
environmental and genomic influences.

Metabolomics experiments’ with in vitro and in vivo models
have been utilized to control some of the factors that propagate
interindividual variation. Single-cell metabolomics has recently
been implemented to observe the metabolic phenotype of an
individual cell. It is known that populations of cells are not
always homogenous due to differences in microenvironment,
cell-cycle stages or age, thus variation can exist between them
(Heinemann and Zenobi, 2011). Single-cell metabolomics can
reveal metabolic differences between these cells to provide
more information about a cell type. Regulating environmental
variation is more complex in in vivo models but can be
accomplished through co-housing and breeding of animal
models in the same conditions. A distinct urinary metabolome
was seen in a set of Sprague–Dawley rats; these rats were
housed in a different room to the other rats and excreted a
higher concentration of aromatic metabolites, most likely due
tometabolismby the gutmicrobiota (Robosky et al., 2005). This
study shows the importance of environmental consistency in
metabolomics experiments. The diet can also be regulated, but
due to the hierarchy between cage-mates, some animals may
eat more than others which could also cause variation to the
metabolome. In clinical metabolomics studies, environmental
variation can be reduced by obtaining samples from a large
number of volunteers; this could eliminate some non-specific
variation. Strict inclusion criteria such as age, body mass index
and health status must also be included. The volunteers should
ideally be admitted to a clinic so that environmental factors such

as stress, pollutants, diet, pharmaceuticals, and others can be
restricted. This has been demonstrated in the experimental
design and implementation of a metabolomics study to look at
acetaminophen-induced liver toxicity in humans (Winnike et al.,
2010). Healthy volunteers were admitted into a clinic and
placed on a standard whole-food diet for 14 days during dosing;
another advantage to this study was that they were able to
collect 24-h urine samples continuously over the 14 days.

The genetic differences between mice and humans are large.
Orthologs for some genes such as those from CYP family have
been identified and show similar function, but differences in
activity have been seen (Donato et al., 2000; Pang et al., 2011).
Transgenic humanized mouse models have been developed to
understand human responses to environmental interventions
such as the CYP1A2-humanized and CYP2E1-humanized mouse
models. These have been used to study aminoflavone (Chen
et al., 2006), melatonin (Ma et al., 2008a), 2-amino-1-methyl-6-
phenylimidazo[4,5-b]pyridine (PhIP) (Cheung et al., 2005a;
Chen et al., 2007), and acetaminophen metabolism (Cheung
et al., 2005b). The double transgenic humanized-PXR/Tg3A4
mouse model was created to eliminate the effects of species-
selective ligand activation of PXR and gene expression of
CYP3A4 (Ma et al., 2008b). Acetaminophen (Cheng et al., 2009)
and black cohosh (Pang et al., 2011) metabolism/toxicity have
been studied using this double transgenic model and provided
an effective model for evaluating the metabolism of these drugs
in a human system.

In order to control the effects of the microbiome on the
metabolome, gnotobiotic animal models have been developed
that establish a human microbiome within the mouse. These
mice are germ-free at birth and are colonized with human adult
fecal microbiota (Turnbaugh et al., 2009) or human newborn
fecal microbiota (Martin et al., 2007). The effects of human gut
microbiome can thus be observed on the metabolome.

Choice of Instrumentation

The metabolome is chemically diverse and requires different
methods to capture most of the compounds in a complex
mixture. The two main analytical platforms used in
metabolomics analysis are NMR spectroscopy and MS. The
decision onwhich platform to use depends on the biofluid to be
analyzed and the ultimate aims of the experiment. Both NMR
spectroscopy and MS have numerous configurations for
optimizing and improvingmetabolite analysis. Advances inNMR
spectroscopy have involved higher magnetic field strengths and
the invention of cryoprobes. These developments have
improved spectral dispersion and sensitivity thus aiding in
metabolite identification (Keun et al., 2002). NMR
spectroscopy can detect different nuclides which is
advantageous for sample analysis. The 19F nuclide for example
can identify and track the metabolism of fluorine-containing
drugs, whereas the 1H and 13C nuclides can show endogenous
metabolite changes; these nuclides can also be used in
radiolabeled studies. Various methodologies and techniques
have been adopted that optimize analysis of specific sample
types such asmagic-angle spinning for intact tissues (Moka et al.,
1998). The identification of particular metabolite species have
been improved through statistical recovery techniques that
increase signal dispersion and information recovery (Cloarec
et al., 2005; Johnson et al., 2008). Various pulse sequences have
also been utilized such as the Carr–Purcell–Meiboom–Gill spin
echo sequence, which attenuates broad protein and lipoprotein
signals (Waldram et al., 2009). NMR spectroscopy can be useful
for analysis of larger molecules (>500Da), sugars, amines, or
volatile liquids (Wishart, 2011) but has some disadvantages for
analysis including its lack of sensitivity compared to MS.

For MS, the chromatography component depends on the
expected outcomes of the experiment and expertise/budget of

Fig. 1. Metabolomics contains the downstream products of
genomic, transcriptomic, and proteomic processes.
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the laboratory. For metabolite separation, gas chromatography
(GC), and LCcan beused, somemetabolomics studies have also
utilized capillary electrophoresis (CE) which can provide
complementary information (Lee and Britz-McKibbin, 2010;
D’Agostino et al., 2011). Ultra high performance liquid
chromatography (UHPLC), a recent LC development (Wilson
et al., 2005), is now commonly employed as the LC system of
choice for MS-based metabolomics. The columns for UHPLC
are composed of a small particle size (1.7–1.8mm) and the
mobile phase is applied at pressures of up to 15,000 psi, a
combination that greatly improves sensitivity compared to
traditional high performance LC (three to fivefold). To improve
identification of polar metabolites, which are difficult to retain
on reverse phase columns, hydrophobic interaction
chromatography (HILIC) has been introduced to the UHPLC
system (Gika et al., 2008; Spagou et al., 2011; Swann et al., 2011).
Recent advances in GC-MS technology has led to development
of the GCxGC system which uses two orthogonal separation
phases. The advantage is enhanced resolution with a reduction
in coeluting peaks; therefore many more peaks can be detected
(Marriott and Shellie, 2002). An example of the separation that
can be achieved by this system can be seen in Figure 2. The
three-dimensional surface and contour plots effectively show
howmetabolites can elute at the same retention time from one
column but can be separated using a secondary column/
dimension.

With so many different types of analysis tools available, the
decision on which platform to use can be problematic as no
single platform can reveal thewholemetabolome. This is due to
the heterogeneity of the chemical constitution of the
metabolites and specific analytical limitations of each
instrument. Table 1 displays some advantages and
disadvantages of GC-MS, UHPLC-MS, and NMR spectroscopy.
The optimal platform for identification of particular metabolite
species is also shown; some species can be identified on more
than one instrument. It should also be noted that GC-MS

platforms are typically the cheapest to purchase compared
to UHPLC-MS and NMR spectrometers, but the extensive
sample preparation required for GC samples is more
expensive than those for NMR spectroscopy and UHPLC-MS
analysis.

Biomarker Identification

The most challenging part of a metabolomic study is
confirmation of biomarker identity. This is an essential step
toward understand the biological changes occurring within
the system and remains a major bottleneck in metabolomics
investigations. Technological advances with better databases
could help solve this problem. The databases developed for
GC-MS data [NIST/EPA/NIH (Babushok et al., 2007), Fiehnlib
(Kind et al., 2009), and Golm (Kopka et al., 2005)] can provide
effective identification of metabolites (Dunn, 2008). Identifying
metabolites from LC-MS data however is more problematic as
the databases are much less developed than those for GC-MS
analysis; they include the Human Metabolome Database
(HMDB) (http://www.hmdb.ca) and the METLIN Metabolite
Database (http://metlin.scripps.edu). It is also difficult to
compare data between laboratories due to differences in
analytical platforms, columns, gradients, and collision energies
for tandemMS. There are a number of chemical databases such
as ChemSpider (http://www.chemspider.com) that contain
millions of chemical structures to aid in structural elucidation
after fragmentation of the metabolite, with a common sense
component to decipher its origin (endogenous or xenobiotic).
To aid in identification of metabolites through NMR
spectroscopy databases can be used for comparison of chemical
shifts includingHMDB andMETLIN, and the Biological Magnetic
Resonance Databank (http://www.bmrb.wisc.edu/
metabolomics/). Two-dimensional experiments such as total
correlation spectroscopy or heteronuclear multiple bond
correlation can also be applied.

Fig. 2. GCTGC-TOFMSanalysisof standardmixture showing (A)athree-dimensional surfaceplotofa selectedregionwheremetabolites elute
at the sameretention timeon theprimarycolumnandcan thenbe resolvedbyusinga secondary columnand (B) a contourplot of the sameregion
showing separation of coeluting peaks.
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Variation in sampling methods, sample preparation,
instrumentation, and data mining exists not only between
laboratories but also between scientists in the same laboratory
(Villas-Boas et al., 2010). It is therefore essential to ensure
standardization between personnel, but in practice, the broad
range of metabolomics applications prevents this somewhat. A
central reporting database needs to be established so that
investigators can share their methodologies and results. This
would allow for standard operating procedures to be
developed and comparisons of data between laboratories.
There have been some initiatives toward producing these data
collection sites: MIAMET (Bino et al., 2004), ArMet (Jenkins
et al., 2004), SMRS (Lindon et al., 2005), and MSI (Hardy and
Jenkins, 2010). Further development of databases is also
necessary, but limited by cost. Unpublished data are also
unlikely to make it onto these databases due to restrictions
from funding bodies. Authentic standards would need to be
synthesized or purchased for each reported metabolite;
therefore a collaborative effort between metabolomics
laboratories is needed.

Future Directions for Metabolomics

Metabolomics has the potential to be an effective tool for early
diagnosis of disease, through identification of one, or a signature
of prognostic biomarkers. It could also serve as a predictor of
treatment response and survival. The metabolome is quick to
respond to environmental stimuli including therapeutic or
surgical intervention and thus could be used to monitor the
metabolic status of the individual and indicate any possible toxic
effects; it could also be used to detect any remaining disease or
recurrence after therapy.

Personalized Medicine and Pharmacometabolomics

One of the major opportunities that can arise from
metabolomics is its contribution to the development of
personalized medicine. The metabolome contains all the
biological endpoints of genomic, transcriptomic, and proteomic
perturbations, as well as environmental and gut microbiota
influences. Therefore, stratifying populations based on their
metabolic phenotype or metabotype could be an effective way
to tailor a dose/type of drug or other therapy to an individual.
This could lead to greater success in drug development by
decreasing adverse drug reactions and improving disease
outcomes. Patient stratification has previously focused on
genotype, but pharmacogenomics has not shown promising
results. These studies tend to stratify based on CYP or other
drug metabolizing enzymes and drug transporters (Nicholson
and Holmes, 2006), but there are other influences that could
affect disease or drug efficacy such as gut microflora and diet;
the outcomes of these effects can be seen in the metabolome.
Therefore, metabolomics could be developed toward
personalized medicine approaches. Pharmacometabolomics,
which can predict drug efficacy and drug-induced side effects
through knowledge of the individual’s metabotype, could
inevitably aid in designing a patient stratification approach,
improving drug development, and greater success in clinical
trials (Nicholson et al., 2011).

Pharmacometabolomics was first defined by its pseudonym
pharmacometabonomics as ‘‘the prediction of the outcome of a
drug or xenobiotic intervention in an individual based on a
mathematical model of preintervention metabolite signatures’’
(Clayton et al., 2006). The technique has been used to
examine galactosamine and acetaminophen toxicity in rats

TABLE 1. Selection guide for analytical platform
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(Clayton et al., 2009). Clinical studies have also used this
approach to analyze acetaminophen-induced hepatotoxicity
in humans (Winnike et al., 2010) and has been further
developed to lead a pharmacogenomic investigation (Ji et al.,
2011).

Technological Advances in Metabolomics

There have been many recent technological advances in
metabolomic research that show promise for improving
metabolite identification and clinical applications.
Nanostructure-Initiator Mass Spectrometry (NIMS) uses a
matrix-free desorption/ionization approach which can analyze
metabolites within tissues and biofluids. NIMS has many
advantages for MS-basedmetabolomics; no sample preparation
is required, it does not require a matrix, produces minimal
fragmentation and can detect metabolites in the yoctomole
(10�24) range (Greving et al., 2011). It hasmany applications and
has so far been used for analyzing blood and urine (Northen
et al., 2007), imaging tissues to reveal the localization of a drug in
mouse brain (Yanes et al., 2009) and for measuring enzyme
activity in biological samples (Northen et al., 2008).

Stable isotope tracers have been successfully adapted for
metabolomics studies tomonitormetabolic flux.Metabolomics
can reveal metabolites that have been perturbed due to an
intervention but the concentration flux in a biological pathway
is important to determine directional changes in metabolism.
Stable isotope tracers can reveal which parts of a metabolic
network are being utilized. Isotope tracing has been used
successfully in cellular models to analyze fatty acid metabolism
and in animal models to monitor bile acid metabolism (Castro-
Perez et al., 2011). Cancer cells are also goodmodel systems for
the stable isotope tracermethod. Increased aerobic glycolysis is
one of the hallmarks of malignant transformation (Warburg,
1956) and proliferating cancer cells have a high demand for
glucose which is depleted over time. The decrease of glucose
can be measured using 13C-glucose and concomitantly
monitored by the formation of the 13C-lactate isotopomer
(Lane et al., 2011). In humans a non-small cell lung cancer study
was carried out using [U-13C]-glucose. The isotope was
administered to patients 3 h prior to surgical resection of the
tumor and surrounding non-cancerous tissues. NMR
spectroscopy and MS were used to analyze the paired
cancerous and non-cancerous tissues. The flow of 13C atoms
could be monitored from glucose, through glycolysis into the
Krebs cycle and revealed distinct metabolic activities in the

cancerous tissues (Fan et al., 2009b; Lane et al., 2011). Positron
emission tomography (PET) has already been used to detect
tumors using radiolabeled tracers such as 18F-
fluorodeoxyglucose (FDG) or 11C-choline. FDG accumulates
in cancerous cells that have increased aerobic glycolysis, and
11C-choline is increased in cancerous cells due to the
upregulation of choline kinase (Kassis et al., 2010). In vivo
metabolomics studies have started to use this technology as a
method to predict drug response: patients receiving sunitinib
for gastrointestinal stromal tumors (Prior et al., 2009) were
monitored by NMR spectroscopy and GC-MS-based
metabolomics to look for metabolic distinctions and tumor
response in (a) normal lung tissue, (b) in a bronchioalveolar
erlotinib-sensitive carcinoma, and (c) in an erlotinib-insensitive
lesion from a patient (Fan et al., 2009a). This type of
metabolomics imaging could aid in patient stratification for
therapy and optimization of clinical outcomes.

Isotopes have also been used in drug metabolism studies to
aid in the identification of novel metabolites; three new urinary
metabolites of acetaminophen were discovered by UPLC-MS-
based metabolomics after administration of [acetyl-2H3] and
2,3,5,6-[2H4] acetaminophen (APAP) to mice (Chen et al.,
2008). Figure 3A shows a PCA scores plot of urine collected
from mice dosed with either unlabeled APAP or [acetyl-2H3]
APAP, the ions contributing to the separation were due to
APAP and its metabolites. The PCA loadings plot in
Figure 3B displays these metabolites from APAP and
[acetyl-2H3] APAP in a symmetrical pattern. This study
illustrates an effective novel way to identify and validate
xenobiotic metabolites.

Technological advances in surgical metabolomics
studies have included the installation of a MAS NMR
spectrometer at St. Mary’s Hospital, London, UK (Imperial
College Healthcare NHS Trust). The spectrometer is
situated in the operating room and will allow surgeons to
have diagnostic information while the patient is undergoing
treatment. This will provide phenotypic information
regarding the tissue status such as viability and morbidity
assessment, and aims to improve the quality of surgical care of
the patient. There are also further aims to develop a real-time
MS-based metabolomics intelligent knife; electrocautery
devices used during surgery release metabolites as they cut
into the tissues, this could show valuable information such as
the disease state of the tissue that could be relayed to the
surgeon as they are performing the surgery (Kinross et al.,
2011).

Fig. 3. IdentificationofurinaryAPAPmetabolitesbyUPLC-MS-basedmetabolomicsandstable-isotopetracing.A:PCAscoresploton24 hurine
samples frommicedosedwith400mg/kgAPAPDor400mg/kg[acetyl-2H3]APAP~.B:PCAloadingsplot revealing ions in theurinesamplesafter
APAP and [acetyl-2H3] APAP dosing.
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Summary

Metabolomics has been shown to be an evolving analytical tool
that has prospects in all areas of scientific research. The
introduction of innovative technologies for metabolomics is
exciting and holds great promise for clinical applications to
improve patient diagnosis, treatment, and after-care. Due to
the complexity of the metabolome there are a number of
experimental considerations that need to be made before
embarking on a study, such as identifying and limiting sources of
variation and the choice of instrumentation for analysis. Novel
methods for metabolite analysis and identification are being
developed in all aspects to help overcome some of the hurdles
associated with metabolomics analysis.
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