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Abstract | The concept of metabolite profiling
has been around for several decades, but
only recent technical innovations have
allowed metabolite profiling to be carried out
on a large scale — with respect to both the
number of metabolites measured and the
number of experiments carried out. As a
result, the power of metabolite profiling as a
technology platform for diagnostics, and the
research areas of gene-function analysis and
systems biology, is now beginning to be fully
realized.

Metabolite measurements have been carried
out for decades because of the fundamental
regulatory importance of metabolites as components of biochemical pathways, the importance of certain metabolites in the human
diet and their use as diagnostic markers for a
wide range of biological conditions, including disease and response to chemical treatment. Historically, the measurement of
metabolites has mostly been achieved by spectrophotometric assays that can detect single
metabolites, or by simple chromatographic
separation of mixtures of low complexity. Over
the past decade, however, methods that offer
both high accuracy and sensitivity for the measurement of highly complex mixtures of compounds have been established.
Reflecting differences in metabolite coverage, accuracy and instrumentation, several
terms have been adopted to describe these
methods — ranging from metabolic fingerprinting and metabolite profiling, to
metabolomics and metabonomics. For the

purposes of this article, we prefer the term
metabolite profiling, because we contend that
it has the widest applicability. We will define
the currently used metabolite-profiling technologies and detail the main differences
between these technologies. We will also
highlight what, in our opinion, are the main
technical problems posed in metabolite
analyses, and discuss current protocols for
data extraction and evaluation. Finally, we
will describe some key biological questions
that metabolite profiling has helped address
so far in the areas of diagnostics, gene-function analysis and systems biology.
The technical status quo

The technologies that are used for metabolite
profiling, and their respective advantages and
limitations, are similar across the breadth of
the biological sciences and have been covered
extensively in several recent reviews (for example, see REFS 1–3). Therefore, we discuss only the
main differences between the technologies and
the challenges that lie ahead. Fundamentally,
there are two different types of metabolic-profiling approaches: mass-spectrometry and
NMR methodologies (BOXES 1,2).
Technologies compared. Gas-chromatography–mass-spectrometry (GC–MS), gaschromatography–time-of-flight–massspectrometry (GC–TOF–MS) and liquidchromatography–mass-spectrometr y
(LC–MS) are currently the principal massspectrometry methods for metabolite
analysis. GC–MS technologies allow the
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identification and robust quantification of a
few hundred metabolites within a single
extract4–6. The main advantages of this instrumentation stem from the fact that it has long
been used for metabolite profiling. Therefore,
there are stable protocols for machine set-up
and maintenance, sample preparation and
analysis, and chromatogram evaluation
and interpretation. Recently, GC–TOF–MS
technology has emerged, which offers several
advantages over QUADRUPOLE TECHNOLOGY (see
Glossary): notably, fast scan times, which give
rise to either improved deconvolution or
reduced run times for complex mixtures, and
a higher mass accuracy.
Compared with the gas-chromatography
technologies mentioned above, LC–MS offers
several distinct advantages, but this newer
technology has to be applied with considerable caution. Whereas gas-chromatographybased approaches can only be used with
volatile compounds or compounds that can
be rendered volatile by derivitization, LC–MS
can be adapted to a wider array of molecules,
including a range of secondary metabolites
such as alkaloids, flavonoids, glucosinolates,
isoprenes, oxylipins, phenylpropanoids, pigments and saponins7–9. In addition, these
technologies are also beginning to find routine applications in drug detection10,11. That
said, LC–MS in its most common form uses
ELECTROSPRAY IONIZATION, which is prone to ION
SUPPRESSION when carried out on complex
mixtures, and therefore it is imperative that
methods are subjected to rigorous validation
before quantitative data can be interpreted.
Two recent mass-spectrometry approaches
are Fourier-transform-ion-cyclotron-resonance–mass-spectrometry (FTICR–MS) and
capillary-electrophoresis–mass-spectrometry
(CE–MS). The first of these relies solely on
very high-resolution mass analysis, which,
potentially, allows the measurement of the
empirical formula for thousands of metabolites. However, it is currently limited in two
respects. The lack of chromatographic separation renders it incapable of discriminating
between isomers, which, given the functional
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instrumentation are consequently also well
developed. Furthermore, despite limitations
in sensitivity and, as a result, severe restrictions in metabolic coverage, the use of NMR
is clearly advantageous for certain biological
questions (see BOX 2).

Box 1 | Metabolite profiling by mass spectrometry

b

m/z 245
18.229 min
Malate

73

245

m/z 304
18.249 min
GABA

m/z
174
304

m/z 351
18.191 min
unknown

m/z

a

4

50

Retention time (min)

Mass-spectrometry-based metabolite profiling intrinsically generates large and complex datasets.
A typical gas-chromatography–mass-spectrometry (GC–MS) profile of a biological sample contains
mass-intensity data from 300–500 analytes in a file of around 20 megabytes. So, it has been a
considerable challenge to develop software and algorithms that allow the extraction and
quantification of many individual component analytes. Good software has long been widely
available for finding anticipated analytes within a chromatographic run and for providing a good
integration of the signal. However, there has been recent interest in the application of deconvolution
algorithms that provide an electronic separation of component peaks without prior knowledge of
these components. The most widely used algorithm in this respect is AMDIS (‘automated mass
spectral deconvolution and identification system’; REF. 48, see online links box), and recent studies
have looked specifically at deconvolution strategies in the context of metabolite-profiling
applications49. The figure shows a total ion chromatogram of the polar phase of an Arabidopsis
thaliana extract (panel a), and the deconvoluted spectra of a single peak of this chromatogram
reveals three metabolite signals that can be clearly discriminated (panel b). As metabolite profiling
normally requires the assessment of sample and control data from multiple chromatograms, it is
also necessary to develop software that ensures that the correct peak is identified and integrated in
each chromatogram50. In addition, high-throughput operations require software that ensures that
the data generated by different machines are comparable. Although steps are being taken to tackle
these issues (see REF. 51), progress will probably be made through a wider application of
chemometric methods52. GABA, γ-aminobutyric acid; m/z, ratio of mass to charge. Figure modified,
with permission, from Nature Biotechnology REF. 5 © (2000) Macmillan Magazines Ltd.

importance of isomers in biology, is an important hindrance. In addition, although this
technology is widely discussed, there is, at present, only a single documented report, which
failed to provide a robust validation of the
methodology12. More data are available for
CE–MS, which is a highly sensitive methodology that can detect low-abundance metabolites and that provides good analyte separation. CE–MS methods have been rigorously
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validated and shown to provide a rich source
of metabolic data on over 1,000 metabolites
from Bacillus subtilis extracts13.
The main alternative to mass-spectrometry-based approaches for metabolic profiling is
provided by NMR approaches. These
methods offer the advantage that, because
they have been used for years, they have
been subjected to intensive validation, and
CHEMOMETRICS that are associated with NMR
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Challenges ahead. At present, even the combination of a wide range of analytical tools
allows us to see only a portion of the total
metabolite complement of the cell (FIG. 1).
This is largely due to the diversity of cellular
metabolites. Escherichia coli are estimated to
contain ~750 metabolites14, whereas the total
number of metabolites that are present in the
plant kingdom has been estimated to be of
the order of hundreds of thousands15. Current
estimates vary greatly, but it seems likely that a
typical eukaryotic organism contains between
4,000 and 20,000 metabolites.
However, it is not merely a problem of
numbers — the diversity itself yields great
complexity because, unlike RNA or proteins,
which are composites of highly similar small
molecules, the physical and chemical properties of metabolites are highly divergent. This
divergence means that there is no single
extraction process that does not incur substantial loss to some of the cellular metabolites, let alone a single analytical platform that
can measure all metabolites. So, one main
problem for the analysis of metabolites is the
lack of a totally comprehensive approach. A
second problem that needs to be addressed is
the high proportion of unknown analytes
that is measured in metabolite profiling.
Typically, in current GC–MS-based metabolite profiling, a chemical structure has been
unambiguously assigned in only 20–30% of
the analytes detected16. The solutions to both
problems will not be rapid and will require
successive iterative improvement. Sample
pre-processing, such as solid-phase extraction (for example, see REF. 17), and the full
integration of a wider range of chemistryspecific measurement platforms could
improve metabolite coverage.
In the longer term, new technologies
might ameliorate the problem of limited
metabolite coverage. However, the level of
complexity and other factors, such as the
dynamic measurement range that is required,
make the development of a single analytical
platform that will provide a comprehensive
analysis of the cellular metabolome a formidable challenge. The problem of chemical
(and biochemical) identification of detected
analytes also represents an arduous task.
Again, one approach to tackle this problem
would be improved instrumentation and protocols. An obvious example of such an
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Box 2 | Metabolite profiling by NMR
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Quantitative analyses

Although measuring the presence or absence
of a metabolite in a biological sample is in
some cases sufficient — for example, in drug
detection or in the SUBSTANTIAL EQUIVALENCE
17,18
TESTING of foodstuffs
— quantitative analysis is often necessary. As is common practice
in transcript and protein profiling, metabolite
profiles are often expressed as ratio data compared with a control sample. However, there
are also many applications where absolute
quantification is required. This is important
to allow comparison between different sample types; for example, those that originate
from different tissues within an organism. In
addition, absolute quantification is important
for understanding metabolic networks, as it is
necessary for the calculation of atomic balances or for using kinetic properties of
enzymes to develop predictive models.
Irrespective of whether data are represented as ratios or as absolute values, there
are significant chemical, biological and technical issues associated with achieving a validated quantitative dataset. Great care has to
be taken in experimental design and sampling. The chemical and technical methods
that are used need to be fully appraised for
the intrinsic variability of the system16,17 and,
ideally, the limits of detection and limits of
quantification of each metabolite should be
known. This process can be facilitated by the
use of standard reference substances, and
would ideally involve a full complement of
isotopically labelled metabolites. Because
of the interdisciplinary nature of these problems, they tend to be underestimated. It will
be a challenge for this emerging technology
to establish standard operating procedures
to avoid the publication of flawed datasets.
Once quantitative datasets have been
obtained, there is a wide range of data-analysis
strategies that can be pursued with metabolite
profiles4,16,19–22. The fundamental approach is, of
course, to compare the level of a metabolite
between an experimental and a control sample,
and to use standard statistics to assess the significance of any differences. These approaches can

c

Lactate

t2

approach would be the coupling of chromatography with FTICR–MS. In addition,
improvements in multidimensional mass
spectrometry and the combination of NMR
with mass-spectrometry technologies are likely
to substantially increase metabolite coverage. A
second approach is extensive fraction collection and empirical structure determination by
NMR. Such work will need to be supported
by the establishment of standard operating
procedures and database resources that are
available to the academic community.
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Despite recent improvements in instrumentation, NMR technologies mostly have a lower
sensitivity compared with mass-spectrometry methodologies. However, computational analyses
and the chemometric software associated with NMR are highly developed. Furthermore, NMR is
non-invasive, which can be a particularly important advantage in certain situations. Although
recent methodologies that couple NMR to liquid chromatography and solid-phase extraction
columns to improve separation and sensitivity have been reported52,53, it is unlikely that NMR
will ever attain the sensitivity of mass spectrometry. NMR is, however, important in the
unequivocal determination of metabolite structures54 and, perhaps owing to its non-invasive
nature, is more commonly used in mammalian systems than mass-spectrometry technologies.
Perhaps the most powerful example so far of the use of NMR for metabolic profiling is provided
by the work of the Nicholson group, who acquired and evaluated proton NMR (1H-NMR) spectra of
human serum21. They were able to distinguish individuals with coronary heart disease from healthy
individuals, and even to assess the severity of the disease. The 600-MHz 1H-NMR spectra of a
healthy patient (panel a) and a patient with severe artheriosclerosis (panel b) are shown. Partial least
squares discriminant analysis of the obtained spectra shows the difference between healthy
(triangle) and diseased (square) individuals (panel c). This technique is therefore capable of rapid,
non-invasive diagnosis of coronary heart disease, and could be used in population screening or in
the testing of ameliorative drug treatments. It is currently undergoing clinical evaluation. t1 and t2
represent the combined variance observed across many metabolites (with t1 representing the most
variable metabolites). These values are used to discriminate between biological samples using
analyses that are fundamentally similar to principal component analyses (see Glossary). LDL, lowdensity lipoprotein; VLDL, very-low-density lipoprotein. Figure modified, with permission, from
Nature Medicine REF. 21 © (2002) Macmillan Magazines Ltd.

then be extended by one dimension to look at
the correlative behaviour of individual metabolites across different samples4, and such correlative behaviour can be built into networks23.
However, much recent interest has been
focused on grouping approaches for whole
profiles, and both SUPERVISED and UNSUPERVISED
methods have been used4,5,22,23. Working with
such large data sets, a direct visualization of the
results onto pathways is highly advantageous to
support the interpretation of the data6–8 (see
online links box).
Applications of metabolite profiling

Improvements in metabolite-profiling technologies have already been effective in
addressing biological problems. Until recently,
the main applications have been in the area of
diagnostics, but now the first applications of
metabolite profiling to functional genomics
and systems biology have been reported.
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Diagnostics. Metabolic profiles have been
widely used, in conjunction with statistical
tools, for diagnosis. One of the first examples of
the use of metabolite profiling in diagnostics
was the estimation of modes of action of various herbicides19. The authors carried out gaschromatography profiling of barley seeds that
had been treated with sublethal doses of various herbicides, and compared the profiles
obtained with those of untreated plants. This
approach could discriminate between known
acetyl CoA carboxylase (ACC) and acetolactate
synthase (ALS) inhibitors on the basis of a
visual comparison of metabolite profiles of
plants treated with these herbicides. This
indicates that the mode of action of bioregulators might be diagnosed by the analysis of
reflective patterns of metabolite composition.
Recently, a more sophisticated analysis of the
mode of action has been carried out by Ott
and colleagues, who used a combination of
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Figure 1 | The trade-off between metabolic coverage and the quality of metabolic analysis.
The most sensitive and precise analyses are typically those for single metabolites. Targeted methods for
metabolite analysis provide high-quality data on a single class of compounds using dedicated and optimized
methods. Broad metabolite profiling provides data for a wide range of chemical classes, but the methods
represent a compromise and do not provide the same data quality for all of the metabolites covered.
Metabolite-fingerprinting approaches also offer the widest coverage, but profiles, and not metabolite levels,
are compared by these approaches, and the methodologies can be subject to artefacts that undermine the
quantitative assessment of the data. None of the methodologies alone are sufficient to approach full coverage
of a complete metabolome. Data quality encompasses overall sensitivity, accuracy, precision of quantification
and metabolite identification rates. ESI–MS, electrospray-ionization–mass-spectrometry; FTICR–MS, Fouriertransform-ion-cyclotron-resonance–mass-spectrometry; GC–MS, gas-chromatography–mass-spectrometry;
GC–TOF–MS, gas-chromatography–time-of-flight–mass-spectrometry; HPLC, high-performance liquid
chromatography; LC–MS, liquid-chromatography–mass-spectrometry.

NMR-based metabolic profiling and bioinformatics to classify herbicides with unknown
modes of action24. The statistical analysis of
proton NMR (1H-NMR) spectra has also been
effectively used for non-invasive diagnosis of
coronary disease23 (BOX 2).
The use of two statistical tools, HIERARCHICAL
CLUSTER ANALYSIS (HCA) and PRINCIPAL COMPONENT
ANALYSIS (PCA; both reviewed in REF. 25), in the
diagnostic interpretation of metabolite profiling data sets is now widespread. In the plant
field, they have been used for the analysis of
four different Arabidopsis thaliana genotypes5
and potato genotypes4. Analysis of the dgd1
and sdd1-1 mutants of A. thaliana, and their
respective wild-type ECOTYPES, showed that
there were greater differences between the
wild-type ecotypes than those observed
between the mutants and their corresponding
wild-type controls5. These examples, however,
represent a much greater range of metaboliteprofiling-based diagnostic approaches. Other
examples include NMR studies of the comparative biochemistry of three wild rodents26,
Fourier-transform infrared spectroscopy
(FT–IRS) and direct-injection-electrospraymass-spectrometry analysis of metabolites
that are secreted into the growth media of bacterial27 or yeast mutants20. All these studies
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were carried out to assess whether genetically
divergent individuals could be distinguished
from one another on the basis of their
metabolite profiles. Another example is the
use of mass spectrometry to screen human
blood samples for inborn errors of metabolism28. Taken together, metabolite profiling
clearly has important applications in the diagnostic characterization and classification of
different genetic or environmental conditions.
Annotation of gene function. Metabolite
profiling provides direct functional information on metabolic phenotypes and indirect functional information on a range of
phenotypes that are determined by small
molecules; for example, stress tolerance or
disease manifestations. Given this, metabolite profiling has potential as a tool for functional genomics5,20. The power of in vitro
biochemical screening for the assignment of
an activity to a cDNA has been shown in a
ground-breaking study by Martzen et al.29.
These authors created 6,080 yeast strains,
each harbouring a different transgene that
encoded a fusion protein, and following
expression and purification they subjected
each protein to a range of biochemical assays
for classification purposes.
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More challenging is the use of metabolite
profiling to explore gene function in vivo 30. It
has recently been shown that the use of coresponse analysis in yeast (that is, the quantification of the change of several metabolite
concentrations relative to the concentration
change of one selected metabolite) can reveal
the site of action of a gene. In addition, the
comparison of metabolite concentrations in
known mutants with those in control strains
can allow functional gene assignment31. It
should be noted here, however, that the analysis of the metabolites is carried out on extracts
that represent snap-shots of the metabolic
status of the organism under investigation.
Elegant studies using proteins that were engineered to fluoresce at levels that are proportional to the local concentrations of a target
metabolite32 show that in vivo quantification
of metabolites is possible. However, such
studies are time consuming and laborious. A
more practical candidate technology might
be magnetic resonance imaging (MRI).
However, this is currently also restricted in
scope, with only a handful of measurable
metabolites. In any case, the multiparallel
approach of profiling methods provides an
immediate insight into the behaviour of the
whole metabolic network after modulation of
a particular gene function. This provides
exciting opportunities for defining gene function at the level of metabolic networks and
the overall phenotype in the context of a particular organism.
Gain-of-function analysis is emerging as a
particularly powerful approach for functional
genomics. For example, the analysis of a gene
of known function, a member of the threonine aldolase family, that was introduced into
A. thaliana both confirmed the expected
function and revealed new effects on the
metabolic network, including the upregulation of the methionine pathway (~2–4-fold
increases in homoserine and methionine levels)
and the downregulation of the isoleucine
pathway (with isoleucine decreasing to 15%
of wild-type levels) (R.N.T. and A.J.K,
unpublished results). Furthermore, solely on
the basis of the metabolic composition, functions can be associated with so far unannotated open reading frames (R.N.T. and A.J.K,
unpublished results). In many cases, the
effects of overexpression or mutation of a
gene can be quite pleiotropic: for example, in
the case of the dgd1 mutant mentioned
above5, there were significant changes in half
of the metabolites analysed. Such complex
responses involve interactions among metabolic components and interactions between
the metabolic network and the mechanisms
of gene and protein expression. However, our
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knowledge of these interactions is limited at
present. It is, however, important that these
network behaviours are well understood if
the application of functional-genomics
information in metabolic-engineering
approaches is to be successful (for detailed
reviews, see REFS 33,34).
One of the key aspects of metabolite profiling is that it is a technology that can be used
in a high-throughput operation. Of all the
genomics technologies, metabolite profiling
offers one of the best combinations of practical performance and cost per sample. The
expression of almost every gene from the
yeast and E. coli genomes in A. thaliana, and
subsequent metabolite profiling with GC–MS
and liquid-chromatography–tandem-massspectrometry (LC–MS/MS) has recently been
achieved (FIG. 2). This approach is deliberately
non-biased, with respect to both the choice of
gene and the metabolites measured, because
of the two objectives; that is, to explore gene
function at the level of protein activity, and to
explore the consequences of introducing a
new protein into the metabolic network.
Similar genomic approaches such as the
RNA-interference-based systematic functional analysis of the Caenorhabditis elegans
genome35 will facilitate such large-scale metabolic studies in other species.
The non-biased approach to discovering
gene function can be productive. Experience
shows that a statistically significant change in
the steady-state level of any given metabolite
will be triggered by overexpression of
0.1–1.0% of the genes in a genome (conclusions from work represented in FIG. 2; R.N.T.
and A.J.K, unpublished results). In some
cases, the genes will influence flux directly in a
pathway (the theory of metabolic-flux-control analysis implies that small changes in
enzyme activity can often lead to large
changes in metabolite concentration36). In
other cases, they might trigger a host of regulatory changes that alter the atomic partitioning or the activity of metabolic networks.
The approach of focusing on individual
genes can also be extended to exploring the
phenotypic relevance of genome regions.
Recently, GC–MS profiling of breeding populations of tomato, wherein genomic segments from the wild tomato species
Lycopersicon pennellii have been introgressed
into the elite cultivated species L. esculentum,
has been initiated37. Once complete, this profiling should allow the identification of several environmentally stable quantitative
trait loci and, ultimately, through the study
of progressively smaller recombinant introgressions and, finally, map-based cloning,
will lead to the identification of genes that

Plant lines

Metabolites

X-fold ratio compared
to wild-type control
0.2

1

2

Figure 2 | Overexpression and metabolite profiling at the transgenomic level. An example of a heat
map of the metabolite profiles of the leaves of around 19,000 mature plants including plant lines that each
overexpress essentially every gene of the yeast genome (R.N.T. and A.J.K., unpublished results). Most of
this map is white, which reflects the fact that overexpression does not result in a change in metabolite
content compared with control plants in most cases. Regions of red or blue indicate that the metabolite
content is either increased or decreased, respectively, following overexpression. The colour scale is
nonlinear and the maximum increases and decreases detected are around 100-fold. A total of 158
metabolites that have derived from both gas-chromatography–mass-spectrometry (GC–MS) and liquidchromatography–tandem-mass-spectrometry (LC–MS/MS) analyses are shown; the chemical identity is
known for around 60% of them. The chemical classes covered include amino acids, organic acids, sugars,
sugar alcohols, vitamins and pigments. Although the individual metabolite columns can be visually
distinguished, the pixel resolution of the image is not sufficient to distinguish the rows (which represent the
plants and plant lines). The software that is used to generate the image uses smoothing algorithms to
circumvent this limitation. Such datasets provide a rich resource for the identification of novel
gene–function relationships and provide a foundation for systems-biology approaches.

regulate metabolite content in a species of
nutritional significance.
Systems biology. Both theoretical and experimental disciplines have seen the emergence of
systems-based approaches to biology in the
past few years 38–40. Although historically,
the term ‘systems biology’ was applied exclusively to mathematical-modelling strategies
(for example, see REF. 40), it is now more
widely used, particularly in genomics.
Systems-biology studies are typified by a shift
from the more traditional reductionist
approach towards more holistic approaches,
with experimental strategies aimed at understanding interactions across multiple molecular entities. Whereas most of such
approaches have focused on transcript
and/or protein levels41,42, they are also beginning to include metabolite- and pharmaceutical-based approaches43–45.
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In addition to the incorporation of
metabolite profiling in systems-biology initiatives, the measurement of many metabolites in
parallel gives insights into the complex regulatory circuits that underpin metabolism. Initial
systems-based approaches that used data from
metabolite profiling involved comprehensive
correlation analyses between all metabolites
that were profiled in potato tubers. These
studies showed that most metabolites had little correlation, although some were tightly coregulated and others were nonlinearly related,
perhaps indicating that the metabolites
involved were linked by an enzyme that is subject to strong metabolic regulation4.
Since this initial study, more sophisticated
metabolic-network analyses have been undertaken by plotting networks in which the
metabolites are represented by nodes that are
interconnected by lines that represent the correlative behaviour between the metabolites44.
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Glossary
CHEMOMETRIC

PRINCIPAL COMPONENT ANALYSIS

The application of statistical and computer methods
to data analysis in chemistry and related scientific
fields.

A statistical tool in which an orthogonal coordinate system, with axes that are ordered in terms of the amount of
variance in a dataset, is produced. This allows the separation of individuals on the basis of differences in their
properties and can also be used to evaluate the properties
that contribute the most to these separations.

ECOTYPE

The smallest taxonomic subdivision of an
ecospecies, which consists of populations that have
adapted to a particular set of environmental
conditions.
ELECTROSPRAY IONIZATION

To analyse compounds effectively by mass spectrometry, they must be ionized in the gas phase. Electrospray
is the most widely used atmospheric-pressure ionization technique for the sensitive, comprehensive analysis of polar and ionic compounds. Using electrospray, a
strong electric field is applied to the liquid sample
stream, which is then nebulized and desolvated with
the assistance of a high-temperature gas flow to
produce gas-phase ions.
HIERARCHICAL CLUSTER ANALYSIS

An agglomerative statistical method that finds clusters
of observations within a data set. It allows the grouping
of individuals on the basis of the similarity in their
properties.
ION SUPPRESSION

The common term that is given to a range of phenomena that can occur during the ionization of complex
mixtures. An important component of this is the competition between co-eluting compounds for ionization
energy, which can lead to varying degrees of ionization
of any individual compounds.

QUADRUPOLE TECHNOLOGY

A quadrupole mass filter consists of four parallel metal rods.
Two opposite rods have a DC voltage and the other two have
an AC voltage. The applied voltages affect the trajectory of
ions that travel down the flight path that is centred between
the four rods, such that only ions of a certain mass-tocharge ratio pass through the quadrupole filter and all other
ions are thrown out of their original path. A mass spectrum
is obtained by monitoring the ions that pass through the
quadrupole filter as the voltages on the rods are varied.
SUBSTANTIAL EQUIVALENCE TESTING

The concept of substantial equivalence embodies the
idea that organisms that are used as foods or as food
sources can serve as a basis for comparison when assessing the safety of human consumption of a food or food
component that has been modified or is new.

labelled standard substances could greatly aid
metabolite quantification. In addition, further
progress is required to determine the chemical
identity of peaks that can be determined with
metabolite-profiling methods.
The use of metabolic profiling as a diagnostic tool is, to a large extent, independent of
the aforementioned limitations and, as a
result, the field has developed more rapidly.
By contrast, the application of metabolite
profiling to gene-function analysis and the
development of systems biology depends, to a
large extent, on technological improvements.
Given the fact that the phenotype of any biological system is largely determined by its
metabolite composition, the future development of metabolite-profiling technologies is
of crucial importance to biomedical research.
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In such studies, the actions of a small theoretical metabolic network can be studied on
the basis of the strength of correlations
between the metabolites that constitute these
networks. This approach could therefore be
used as an extension to the co-response
method mentioned above. However, caution
should be exercised here, as this field is still in
its infancy and a lack of understanding of
protein and transcript networks could lead
to premature conclusions. A more comprehensive approach is to measure metabolites,
proteins and/or mRNA from the same sample and to assess connectivity across different molecular entities. Preliminary studies
have shown that discrimination analysis of
A. thaliana ecotypes is possible using a combination of protein and metabolite levels44.
Also, metabolite–transcript correlations from
large data sets collected throughout development in wild-type and transgenic tubers engineered to have enhanced sucrose metabolism
allows the identification of candidate genes
for metabolic engineering 45. In the latter case,
the transcript levels of approximately 280
transcripts that showed reproducible changes
with respect to control samples were systematically plotted against changes in metabolite
levels of paired samples. A total of 517 out of
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the 26,616 possible pairs showed significant
correlation (at the P < 0.01 level). Although
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