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Metabolomics: Current technologies and future trends
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The ability to sequence whole genomes has taught us that our knowledge with respect to gene
function is rather limited with typically 30-40% of open reading frames having no known func-
tion. Thus, within the life sciences there is a need for determination of the biological function of
these so-called orphan genes, some of which may be molecular targets for therapeutic interven-
tion. The search for specific mRNA, proteins, or metabolites that can serve as diagnostic markers
has also increased, as has the fact that these biomarkers may be useful in following and predict-
ing disease progression or response to therapy. Functional analyses have become increasingly
popular. They include investigations at the level of gene expression (transcriptomics), protein
translation (proteomics) and more recently the metabolite network (metabolomics). This article
provides an overview of metabolomics and discusses its complementary role with tran-
scriptomics and proteomics, and within system biology. It highlights how metabolome analyses
are conducted and how the highly complex data that are generated are analysed. Non-invasive
footprinting analysis is also discussed as this has many applications to in vitro cell systems.
Finally, for studying biotic or abiotic stresses on animals, plants or microbes, we believe that
metabolomics could very easily be applied to large populations, because this approach tends to be
of higher throughput and generally lower cost than transcriptomics and proteomics, whilst also

Received: February 10, 2006
Revised: April 21, 2006
Accepted: April 27, 2006

providing indications of which area of metabolism may be affected by external perturbation.
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1 Introduction to metabolomics and
systems biology

Since the 1950s, the central dogma of molecular biology was
that there was a general unidirectional flow of information
from gene to transcript to protein. Enzymes then affect
metabolic pathways and hence lead to changes in the phe-
notype of the organism (Fig. 1A). However, this traditional
‘linear’ thinking is no longer true and the cellular processes
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are in reality intimately networked with many feedback-loops
(Fig. 1B) and thus should be represented as dynamic protein
complexes interacting with neighbourhoods of metabolites
(Fig. 1C). The construction, visualisation and understanding
of these networks [1] are certainly a big challenge for the life
sciences, as is a full understanding of the fluxes through
metabolic neighbourhoods and their control [2].

It is fair to comment that molecular biology has generally
been bogged down by hypothetico-reductionist thinking
where small parts of the jigsaw have been studied in isolation.
For example, it was common to work on a ‘favourite’ gene in
isolation using some pre-existing knowledge of its function.
Whilst, this approach has yield useful information though in
isolation, the whole picture, i.e. how that ‘favourite’ gene
might interact with the whole cell, was often missed. The
recent ability to analyse mRNA and proteins in a global way by
using, for example, microarrays for transcriptomics and 2-DE
with MS for proteomics, has allowed full functional analyses
at these two levels and is becoming increasingly used for
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Figure 1. (A) Traditional central dogma of molecular biology
where the flow of information goes from gene to transcript to
protein, also shown is where enzymes act on metabolism.
(B) General schematic of the ‘'omic organization where the flow of
information is from genes to transcripts to proteins to metabo-
lites to function (or phenotype). (C) Traditional linear view of a
metabolic pathway and the now accepted view of scale-free con-
nections in a metabolite neighbourhood; nodes are metabolites,
whilst the connections represent enzymatic action.

knowledge discovery with functional genomics and bio-
marker generation [3—6]. The next functional level to analyse
is that of the entire metabolite pool or metabolome, and this
has more recently been generating much interest [7-10].

The metabolome is the quantitative complement of all the
low-molecular weight molecules (typically <3000 m/z) present
in cells in a particular physiological or developmental state.
Whilst metabolomics is complementary to transcriptomics
and proteomics, it may be seen to have special advantages. In
particular, we know from the theory underlying metabolic
control analysis (MCA) [2] as well as from experiment [11], that
while changes in the levels of individual enzymes may be
expected to have little effect on metabolic fluxes, they can and
do have significant effects on the concentrations of a variety of
individual metabolites. In addition, as the ‘downstream’ result
of gene expression, changes in the metabolome are amplified
relative to changes in the transcriptome and the proteome,
which is likely to allow for increased sensitivity (Fig. 1B).
Finally, it is known [12] that metabolic fluxes are not regulated
only by gene expression but by post-transcriptional and post-
translational events and as such, the metabolome can be con-
sidered closer to the phenotype.

In context with systems biology, even functional analyses
have emphasized isolated investigations at the level of gene
expression, protein translation and the metabolite network with
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little integration. The re-popularisation of systems biology con-
stitutes a ‘paradigm shift’ for molecular biology and will initially
be dominated by the integrative analyses of these ‘omics to
generate predictive and hypothesis generating mathematical
models to better understand the cell at the systems level [13, 14].

2 Metabolome analyses

As the definition of the metabolome above suggests, in a
metabolomics experiment one would like to quantify all the
metabolites in a cellular system, which for present purposes
can be defined as a cell or tissue in a given state, at a partic-
ular time point. For the analysis of mRNA and proteins one
‘only’ needs to know the genome sequence of the organism
and exploit this information using nucleic acid hybridization
or protein separation followed by MS (although PTM are
problematic). However, the analysis of metabolites is not as
straightforward. Whilst triple quadrupole MS instruments
can be calibrated for accurate quantification of specific
metabolites of known structure, in general, for unknown
analytes there is a lack of simple automated analytical tech-
niques that can measure many 100s to 1000s of metabolites
quantitatively in a reproducible and robust way. In contrast
with transcriptome analysis (but in common with protein
analysis) methods are not available for amplification of
metabolites and therefore sensitivity is a major issue.
Metabolites are generally labile species, by their nature are
chemically very diverse, and often present in a wide dynamic
range. All of these challenges need to be adequately addres-
sed by the analysis strategy employed. This is currently a very
active area within metabolomics and in particular is pre-
senting opportunities for novel analytical instrument manu-
facture. Finally, in contrast to transcripts or protein identifi-
cation, metabolites are not organism specific (that is to say,
sequence dependent), thus when one has learnt how to
measure the metabolite once, the analytical protocol is
equally applicable to prokaryotes, fungi, plants and animals.

Before any metabolome measurements are taken it is
essential that metabolism is stopped as quickly as possible.
This is because enzymes are still active; indeed, in yeast gly-
colysis metabolite turn over has been estimated to occur
within seconds [15]. For unicellular organisms or biofluids
this is usually achieved by spraying the biomass into very
cold (<—40°C) 60% buffered methanol [16]. Whilst for ani-
mal and plant tissues, liquid N, is used to snap freeze the
sample, this is followed by mechanical disruption, which is
employed to release metabolites [17].

The next stage of the analysis is to extract the metabo-
lites. There are many different methods [16, 18, 19] and the
most common ones are: (i) acid extraction using perchloric
acid (HCIO,), followed by freeze thawing, then neutralisa-
tion with potassium hydroxide (KOH); (ii) alkali extraction
typically using sodium hydroxide (NaOH), followed by heat-
ing (80°C); and (iii) ethanolic extraction by boiling the sam-
pling in ethanol (C,H;OH) at 80°C.
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The extract is now finally ready for analysis and there are
many different methods and approaches that one could use.
They are highlighted in Fig. 2 and listed in Table 1 (for
excellent reviews of metabolomics technologies see [20, 21]).
The choice of analytical tool is based on the level of chemical
information required about the metabolites, remembering
that there will be a chemical bias with respect to that method,
and the speed of analysis is also another consideration.
These issues are expanded in Table 2.

Armed with the appropriate metabolomics technology
there are many different strategies that are being devel-
oped within the metabolomics field (Fig.2). Whilst these
strategies are not yet universally accepted and are evolving,
the following four approaches are currently the most pop-
ular [8, 22, 23]: (i) metabolite target analysis, which is an
approach that is restricted to metabolites of for example a

Table 1. Common analytical techniques applied to metabolomics

Metabolic fingerprinting
and footprinting

abbreviations and further expla-
nation of the methods refer to
Table 1.

particular enzyme system that would be directly affected by
abiotic or biotic perturbation. (ii) Metabolite profiling,
which is focused on a specific group of metabolites (e.g.
lipids) or those associated with a specific pathway; within
clinical and pharmaceutical analysis, this is often called
metabolic profiling, which is used to trace the fate of a
drug or metabolite. (iii) Metabolomics is the comprehen-
sive analysis of the entire metabolome (all measurable
metabolites), under a given set of conditions, this is often
confused with metabonomics, which seeks to measure the
fingerprint of biochemical perturbations caused by disease,
drugs and toxins. (iv) Metabolic fingerprinting is used to
classify samples based on provenance of either their bio-
logical relevance or origin by using a fingerprinting tech-
nology that is rapid but does not necessarily give specific
metabolite information.

Abbreviation Technique Relevant
reference(s)

GC-MS Gas chromatography mass spectrometry [43]
GCxGC-MS 2 dimensional GC coupled to MS [79]
LC-EC Liquid chromatography using an electrochemical array [80]
HPLC-MS High performance LC-MS [18]
UPLC-MS Ultra performance LC-MS [81]
HILIC Hydrophobic interaction chromatography [82]
CE-MS Capillary electrophoresis-MS [83, 84]
NMR nuclear magnetic resonance [11,85]
LC-NMR LC coupled to NMR (86]
FT-IR Fourier transform infrared spectroscopy [87, 88]
DIMS Direct infusion ESI MS [89, 90]
LDI-MS Laser desorption ionisation MS [91]
FT-ICR-MS Fourier transform ion cyclotron resonance MS [92]
SIDMAP Stable isotope-based dynamic metabolic profiling, more commonly referred to as mass isotopomer analysis. [76, 93]
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Table 2. Considerations for metabolomics analyses
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Consideration Approach Comments
Chemical information MS MS" will provide some structural information. FT-ICR-MS can generate empiri-
cal formulae suggestions for m/z <500.
NMR Gives detailed structural information, particularly using 2-D-NMR of isolated
metabolites.
Chromatography On its own will not generally lead to metabolite identification. However, coupled
(GC, HPLC, CE) with MS and NMR is very powerful for analyte identification.
FT-IR, Raman Provide limited structural information, but useful for identification of functional
groups.
Chemical bias GC-MS Solvent extraction bias: non-polar versus polar analytes. Need for chemical de-
rivatization
LC-MS Solvent bias means it is usually more applicable to polar compounds.
NMR, FT-IR, Raman These methods have little chemical bias and can be used directly on the sample.
Speed Chromatography Very useful for separation but typically take 10-30 min.
NMR Few minutes to hours. Depends on the strength of the magnet, sensitivity can be
improved by magic angle spinning.
ESI-MS 1-3 min in flow-injection (direct infusion) mode.
FT-IR 10-60 s.

3 Metabolic footprinting: The exo-
metabolome and secretome

The methods detailed above are generally aimed at measuring
the cell or tissue samples directly where information on the
intracellular metabolome is generated. By contrast, a com-
pletely non-invasive approach is to measure the extracellular
metabolites, which is also referred to as the footprint or exo-
metabolome [24-27]. The footprint of a cell in culture contains
the medium components, less any substrate uptake, plus any
secreted metabolites. Whilst the study of this secretome is
only possible for cells in culture, it has the advantage that
there is generally less variability in quenching and no meta-
bolite extraction is needed. Information from the secretome
can be valuable in understanding the behaviour and responses
of cultured cells and has potential clinical applications. One
example is the development in culture of preimplantation
stage human embryos during in vitro fertilisation (IVF) treat-
ment for infertility (Hollywood, in preparation). Non-invasive
methods are urgently required to select the best IVF embryos
for transfer back to the patient [28]. Since embryo metabolism
is thought to be a critical determinant of viability [29], there is
potential mileage in a metabolomics approach. Metabolic fin-
gerprinting of the follicular fluid in which the oocyte develops
is feasible [30] and may predict embryonic viability. Analysis of
the amino acid composition of the culture medium in which
the embryo develops has also provided predictive factors [31,
32]. Thus, it is reasonable to assume that a viable human
embryo will possess a unique metabolic fingerprint, and this
secretome will be expressed in culture medium as a metabolic
footprint. Indeed, we have preliminary data (Hollywood, in
preparation), demonstrating that metabolic footprinting can
contain valuable information on the status of individual hu-
man embryos. Moreover, while the secretome contains
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delayed information and is normally an average of the biolog-
ical system being studied, this is less of a problem with pre-
implantation embryos. Early stage embryos have very few (1-
8) cells, which are synchronised in development, and individ-
ual embryos at various stages can be easily identified and an-
alysed. Therefore, we regard the preimplantation embryo as a
valuable model system in which to test the ability of metabo-
lomics to describe a developing organism and its potential.

4 Understanding biological complexity
and its environment

Whilst the human genome sequence has been completed, the
vast array of commensal microorganisms (estimated to be
>1000 different species) that live in symbiosis with man have
not. It is estimated that there are ten times the number of pro-
karyotic cells as human cells in the body, and this microbiome
(estimated to weigh 1 kg in an adult human) plays a vital role in
our well-being. Nicholson and colleagues [33], who have repor-
ted that microbial metabolites from the gut microflora can be
found in human serum and urine, have elegantly demon-
strated this. Thus, understanding the interactions between dif-
ferent organisms in a single complex system is as important as
understanding the impact that environmental effects may have
on the hundreds of functionally specialized cell types found in
man [34]. Furthermore, these authors advocate that one should
also include temporal measurements to capture the full
dynamics of the perturbation to a system.

One environmental factor that is very important is what
happens to the health of an individual when it eats. The link
between nutrition and health is obvious and the area of nutri-
genomics [35] is aimed at defining tissue, cellular or biofluid-
specific nutritional metabolomes. This would aid in the inter-
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pretation of disease processes because a baseline healthy
metabolome under different nutritional conditions can be
defined leading to personalised metabolic assessment [36].

Finally, host-pathogen interactions are also amenable to
metabolomics investigations [37]. This has been recently il-
lustrated by Mur and colleagues [38] who used ESI-MS to
identify discriminatory lipid metabolites, which are known
to be important signals in plant defence. It was found that
phosphatidic and phosphatidyl glycerol phospholipids were
involved in rice blast disease when Brachypodium distachyon
was infected by Magnaporthe grisea.

5 Informatics

As with all functional analyses, a typical metabolomics experi-
ment can generate data torrents (samples times metabolites)
and something has to be done to turn these data (information)
into knowledge. In particular, we need well-curated databases,
very good data to populate them, and even better algorithms to
turn these metabolite data into knowledge.

5.1 Databases for metabolomics

Database curation is essential if metabolomics databases are to
be useful for the wider community. As metabolomics data are
multivariate (many measurements per sample) and hence com-
plex, it is essential that the metabolite data are validated prior to
being uploaded to a database. This starts by summarising the
data about the metabolite data; these co-called metadata have to
be captured and there have been two position papers detailing
how this should be achieved. The first is Armet (architecture for
metabolomics; www.armet.org), which contains details of the
data schema for metabolomics and includes the basis for storage
and transmission of data via UML [39], and the second is SMRS
(standard metabolic reporting structure; www.smrsgroup.org),
which contains details of what experimental data are needed [40].
There is obvious overlap between Armet and SMRS and the
proponents of these approaches, plus the wider community,
have been having active discussions to generate a unified
approach to metabolomics databasing and data exchange.

Capturing the metadata is only the start of the database
process and the question of precision and accuracy in multi-
variate metabolite data needs to be addressed. Clearly trace-
able standards are needed that will allow machine calibration,
however, this is not so easy for ‘omics measurements with
hundreds or thousands of variables and where machine drift
may be acute. It may be that standard cocktails made up
freshly, together with the use of advanced transformations [41,
42] may help solve this problem. Again, the metabolomics
community are addressing this and a working group headed
by Fiehn will report on their findings soon. Workgroups’ pro-
gress reports can be found at the Metabolomics Standards
Iniative (http://msi-workgroups.sourceforge.net)

Finally, as many metabolites are yet to be described [43] there
needs to be some agreed protocol of how one names unknown
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metabolites that have no detailed structure and thus how these
can be recognised between different laboratories. As a step to-
wards this goal, a naming protocol has been suggested by Bino
and colleagues [44], which aims to capture the laboratory, ana-
lytical method used and any specific separation or m/z informa-
tion. This will necessitate rigorous mass spectral libraries and
deconvolution algorithms. An excellent overview of these
resources has been provided by Weckwerth and Morgenthal [9].

5.2 Biomarker discovery

A very active research area with metabolomics is that of dis-
covering which metabolites are indicative of disease. In this
approach, metabolite profiling is used to generate quantitative
lists of metabolites from control populations and test subjects
that are diseased. Data analysis is then used to mine the
metabolites and determine which are discriminatory for the
disease and which of these could be used in predictive medi-
cine. Whilst there are many different multivariate or chemo-
metric analyses methods that could be used, the key objective is
to make the analysis as valid as possible so stringent statistical
validation is needed. It is essential that a good data generating
experiment be designed to encompass the variation inherentin
these experiments, which involve many measurements on
complex biological systems. The first variation to be aware of is
at the biological level. This is because even isogenic organisms
show variation [43] and so many samples need to be analysed.
The second source of variation is at the sample preparation
level, both with respect to quenching metabolism and metabo-
lite extractions. The lastis of course any variation introduced by
the analytical instrument itself. Thus, lots of data are needed
and a good strategy to adopt is to collect three sets of data [45,
46]. The first set is called the ‘training data’ and is used to con-
struct a mathematical model that will relate metabolite data
with disease status; this can be categorical (diseased versus
healthy) or quantitative (severity of disease or grade of cancer).
The second set of data is usually termed the ‘validation data’
and is used to cross-validate the model generated by the train-
ing data. For example, some modelling processes (e.g. dis-
criminant analysis [47] or linear regression methods [48])
involve the extraction of a certain number of latent variables:
too few are inadequate whilst too many may cause the metabo-
lite data to be over fitted (that is to say the model will include
noise). Thus, the second set of validation data are used to tune
this selection process. The final set of data is the ‘test data’ and
is used to assess how well the modelling process described
above has done. These data are “independent” and thus can be
used to assess the predictive nature of the analysis.

For the detection of biomarkers, one can of course start
with the easiest method of ‘stare and compare!’. Whilst
unlikely to give rise to any markers it is always wise to actu-
ally look at the data as this can also be used as a quality check.
The next method is to use difference profiles where the
average metabolite profile from the diseased subjects is sub-
tracted from the average metabolite profile from healthy
individuals. Finally, simple univariate analyses of ANOVA
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(analysis of variance), Student’s t-test or non-parametric
equivalents can be used to ascertain if there is any statisti-
cally significant difference between individual metabolites
for healthy versus diseased individuals.

In the unlikely event that these have worked, it probably
means that the biomarker is obvious; however, single bio-
markers are unlikely. The concept of multivariate biomarker
profiles has become reality [49] and so more powerful super-
vised learning multivariate analysis methods are needed [50].
In supervised learning an algorithm (vide infra) is used to
transform the multivariate data from metabolite profiles into
something of biological interest, usually of much lower
dimensionality, which as discussed above can be categorical
(diseased vs. healthy) or quantitative (severity of disease). In
supervised learning both metabolite data (inputs) and dis-
ease status (outputs or targets) are used, and these two types
of data form pairs that are used in the calibration of the
model. The goal of supervised learning is to find a “model” or
“mapping” that will correctly associate the inputs with the
targets. Below highlights the various algorithms that are
currently employed to effect supervised learning:

Discriminant analysis (DA) is a particularly popular al-
gorithm, which is a cluster analysis-based method and
involves projection of test data into cluster space [47, 51].
This is a categorical method and loadings matrices can give
an indication of important inputs (metabolites).

Partial least squares (PLS) is a very popular linear
regression-based method [48]. The algorithm can be pro-
grammed in a quantitative way (PLS1) or categorical (PLS2
or PLS-DA), and as for DA, loadings matrices can give an
indication of important metabolites.

Artificial neural networks (ANN) are very popular based
machine learning methods, which in contrast to DA and PLS
can learn non-linear as well as linear mappings [52]. The main
algorithms used are multilayer perceptrons (MLP [53, 54]) and
radial basis functions (RBF [55]). However, although popular,
the mapping from input to output is largely opaque and whilst
this can be improved by pruning or growing ANN, these
methods are not very good for biomarker discovery.

Rule induction (RI)-based algorithms include CART
(classification and regression trees [56]), FURES (fuzzy rule-
building expert system [57]) and C4.5/C5 [58]. These are
categorical algorithms based on the growth of a decision tree,
with predictive segregation of the data, which produces uni-
or multi-variate decision boundaries, which can be used to
discover which metabolites are important.

Evolutionary computation (EC) algorithms are based on
concepts of Darwinian selection to generate and to optimize
a desired mapping between input and output variables [59].
These include genetic algorithms (GA [60, 61]), genetic pro-
gramming (GP [62-65]) and genomic computing [66]. EC
algorithms are entirely data-driven and are thus especially
appropriate for problems that are data-rich but hypothesis/
information-poor. They generate predictive rules and hence
hypotheses of which metabolites may serve as potential bio-
markers.
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We believe that a future trend where metabolomics will
play a big role is for biomarker detection, as this approach will
present the opportunity for objective automated diagnoses of
disease. Currently, there are few examples of biomarker dis-
covery but recent ones include the analysis of LC-electro-
chemical data with PLS-DA from patients with motor neuron
disease [67], from GC-MS data from pregnant mothers with
pre-eclampsia using genetic programming [68], and LC-MS
data with PLS-DA, investigating dietary intake [69].

5.3 Metabolic networks

Recently, there has been a paradigm shift from classical
metabolic pathways (Fig. 1C) to those based on metabolic
networks and neighbourhoods [1, 13]. The elucidation and
visualisation of metabolite neighbourhoods needs to be
achieved to understand the structural properties of the net-
work [70, 71]. This can only be done at the level of the
metabolome since fluxes and hence relationships between
metabolites through networks cannot be calculated accurately
from transcripts or proteins. One approach that is being used
is to collect "omics data at the three different functional levels
and then correlate each transcript, protein or metabolite with
all the other "omic data collected [72-75] to assess correlations
within these data. In addition, one can use cluster analysis,
including principal components analysis (PCA) and hier-
archical cluster analysis (HCA) of the 'omic data to discover in
a multivariate way groups of co-expressed mRNA, proteins,
and metabolites. These data can then be combined and used
to construct possible networks. As these are in silico predic-
tions, they need to be validated and just as radiolabelling of
substrates was used in the early part of the last century to
discover novel pathways, a fluxomics-based approach has
emerged based on mass isotopomer analysis. In this method,
specific labelled (*C or "*N) metabolites are fed to tissues or
bacterial or yeast cultures and the destination of these meta-
bolites assessed using MS [76, 77] or NMR [78].

6 Outlook

Metabolomics is gaining increasing interest across a wide
variety of disciplines, including functional genomics, inte-
grative and systems biology, pharmacogenomics, and bio-
marker discovery for disease prognoses, diagnoses and ther-
apy monitoring. There is great interest in biomarkers, and as
many diseases are indeed a result of metabolic disorders, it
makes a great deal of sense to measure metabolites directly.
Once key metabolite markers are identified this will likely
lead to a better understanding of the disease process as spe-
cific metabolic pathways (networks) will be highlighted as
being important, and this will serve as a hypothesis starting
point for therapeutic intervention and drug discovery.
Finally, we believe non-invasive footprinting analysis of cells
in culture has the potential to increase knowledge of the
impact of in vitro systems and has many exciting clinical
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applications, as has the use of metabolomics to help in the
understanding of biological complexity as part of a systems
biology programme.

K.H. thanks Stiefel Laboratories (UK) Ltd for her student-
ship and R.G. is indebted to the Engineering and Biological
Systems Committee of the UK BBSRC for financial support.
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