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ABSTRACT
In recent years the focus of experimental biology has shifted from
reductionist towards more holistic approaches. This shift has been
driven by the development of genetic tools that have allowed the
creation of an unprecedented base of genetic diversity and by the
development of technologies allowing the rapid determination of the
genetic, transcript, protein and metabolite complements of biological
systems. Here we will describe experiences with broad-range
metabolite analysis of potato and tomato development over the last few
years: we will furthermore describe what information can be garnered
from these experiments as well as describing recent attempts to analyse
systems at the level of more than one molecular entity. Finally, the need
for interdisciplinary collaboration and a perspective for this research
field will be discussed.

METHODOLOGY
The landmark Escherichia coli, Saccharomyces cerevisiae, Arabidopsis thaliana and human
genome sequencings facilitated the emergence of systems biology - a science that is currently
progressing on both experimental and theoretical fronts. Experimentalists carry out
comprehensive and high-throughput analyses of the various molecule entities of the cell,
namely, mRNAs, proteins and metabolites (for a review see [1]), whereas theoreticians
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concentrate on the analysis of the regulatory interactions of these molecules and predicting the
effects of changing the state of the system (e.g.[ 2, 3]). Although complementary, these
approaches have normally been taken in isolation and for this reason we will discuss them
separately. Transcript analysis by hybridization is a relatively mature technology and has been
the focus of high quality studies in many biological systems [4-7]. These studies have allowed
the determination of differential gene expression under a range of environmental or
developmental conditions as well as the identification of the high level of co-ordinated,
correlated changes across genes and ultimately to the establishment of gene regulatory
networks. Furthermore, of the various levels of analysis it is the only one which can be said to
be truly comprehensive: with the current proportional coverage of profiling technologies
decreasing following the order mRNA > protein > metabolite. For this reason transcript
profiling is currently the experimental approach of choice for systems biology [8, 9]. That said,
the emergent technologies of proteomics [10-12] and metabolomics [13, 14] have made rapid
progress in recent years and methods such as ICAT (proteins) and mass spectrometry coupled
chromatography (metabolites) now allow rapid profiling of these molecules at high analytical
precision. Technical aspects of the most commonly used platforms have been reviewed
elsewhere (e.g.[15, 16]) so we will not detail them here but rather discuss their importance
within integrated approaches.

SYSTEMS APPROACHES
Although a wealth of data can be obtained when using any of the genomic technologies
described above, it is clear that transcription, translation, post-translational modifications and
the turnover of mRNA, proteins and metabolites do not occur in isolation but are heavily
interconnected with one another (for an example of the level of complexity involved see [17]).
For this reason it makes sense to move toward integrated approaches wherein transcripts,
proteins and metabolites are measured from the same sample. Such approaches have been
carried out recently in the microbial and medicinal fields. In one recent study the transcriptome,
proteome and protein interactions of 20 systematic perturbations of galactose utilization in the
yeast Saccharomyces cerevisiae were monitored providing evidence that approximately 15 of
289 detected proteins are regulated post-transcriptionally, and identify explicit physical
interactions governing the cellular response to each perturbation [18].
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A similar approach combining large-scale perturbation analyses, in combination with
computational methodologies, genomic data, cis-regulatory analysis, and molecular
embryology was used to define a regulatory network underpinning sea urchin development and
revealing how given cells generate their ordained fates in the embryo [8]. These experiments
are by nature multidisciplinary and multi-laboratory in that they combine molecular and cellular
biologies with protein biochemistry and bioinformatics. While this does not pose a problem in
itself, it is vital to note that in order to gain a meaningful insight into interactions between the
various molecular entities it is imperative that experiments are performed on samples that are
spatially, temporally and micro-environmentally identical. In the following section we intend to
describe similar approaches we have taken in plants, albeit on a smaller scale, and to propose a
framework by which large-scale systematic approaches can be achieved in plants.
Many recent plant studies have provided data sets comprising transcripts, enzyme activities and
metabolites including those focused on various aspects of carbon metabolism interactions
including the responses to nitrate [19, 20] and to diurnal changes [21], as well as studies of
individual branches of secondary metabolism such as the recent study of the early stages of
triterpene saponin biosynthesis [22]. Even though these studies are restricted in their coverage,
the potential of this approach is still visible. Whilst in some cases changes in transcripts are
accompanied by changes in enzyme activities and shifts in metabolism [20, 22], in other cases
they are not (for example the impact of sugars and light and carbon on nitrate reductase: [19]),
indicating a major role for post-transcriptional modification in the regulation of the pathways
involved. Expansion of such approaches using the tools at hand has vast potential in aiding the
understanding of the complex change underlying diverse patterns, such as development and
circadian rhythms. We have recently studied potato tuber development and plants exhibiting
altered sucrose metabolism using both metabolic and transcript profiling techniques [23]. A
comparison of the discriminatory power of metabolite and RNA profiling to distinguish
between different potato tuber systems suggests that metabolite profiling has a higher resolution
than RNA profiling. Furthermore, when performing comparisons across the molecular entities
we established a correlation between 571 of the 26, 616 possible metabolite: transcript pairs.
Most of these observations were novel and notably included several strong correlations to
nutritionally important compounds, such as vitamins and essential amino acids [23]. We
therefore believe that this combinatorial approach is of high potential value in the identification
of candidate genes for modifying the metabolite content of biological systems.
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INTERPRETATION OF RESULTS HARVESTED FROM
SYSTEMS BIOLOGICAL APPROACHES
Although it is probably too early to comment on the effectiveness of reverse genetic versus
environmental system perturbation it is important to note that there is a fundamental difference
in the data obtained via these methods. Although genetic changes give insight into mechanisms
of system robustness and into gene/protein functionality, unless you have a range of gene
inhibitions, they do not allow an interrogation of control (since removal of a gene-product
merely tells you how well the system copes without it). In contrast, environmental perturbations
will result in effects at many genetic loci and it will therefore be very hard to attribute function
to any particular gene/protein. However, the ability to perturb the system to a variety of extents
may allow the identification of regulatory control points. The interpretation of data sets
resulting from the latter example is however clearly far more complicated. Ideally, as many
different (types of) system perturbation should be applied (see [18]) and in many instance the
use of transgenic lines expressing a range of activities of an enzyme would be preferable to
single knock-out mutants. A further advantage of using both environmental and genetic
perturbations, is that the identification of common patterns of changes following the different
experimental approaches, allows greater surety that the recorded response is a direct result of
the desired perturbation, rather than a pleiotropic artefact of the method used to elicit the
perturbation.
Inverting this argument, the use of systems perturbations can be utilized to infer common
mechanisms by which plant cells respond to different treatments, for example in studying the
metabolic complements of variously modified potato tuber systems, Roessner et al. [24]
revealed that those expressing a yeast invertase at an apoplastic location could be faithfully
phenocopied by feeding glucose (and to a lesser extent fructose) to potato tuber discs. Whilst
this example is somewhat trivial (since the resultant conclusions are what would be expected)
it highlights the possibilities open for large-scale systematic approaches.

WHAT ELSE DO WE NEED TO ASSAY?
As mentioned above proteomic and metabolomic coverage is far from complete. However, with
few exceptions the majority of pathways of plant primary metabolism can be studied in detail
with the tools presently available at the protein [25, 26] and intermediary metabolite level [14,
24] in addition to the RNA level.
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These studies have allowed description of the mitochondrial proteome and have uncovered new
molecular mechanisms involved in mitochondrial defence, as well as cataloging degradation of
sensitive protein components including TCA cycle enzymes in response to oxidative stress.
Such studies have also highlighted the degree of systemic change following a relatively simple
perturbation such as altered hexose supply. Furthermore, metabolic profiling of potato tubers
expressing more efficient pathways of sucrose degradation revealed that the tuber contained all
the necessary biosynthetic machinery for the de novo biosynthesis of amino acids - knowledge
that is a prerequisite for any rational attempt to modify free amino acid content in this tissue. In
the majority of instances approaches such as these are adequate to (or even preferable to sifting
through data from esoteric pathways) answer the biological question raised. That said, it is clear
that for certain approaches, such as unravelling circadian or developmental patterns, truly
holistic approaches are needed. For such questions further developments are required in the
areas of proteomics and metabolomics.
Whilst new proteomic methodologies (e.g. MudPIT in conjunction with ICAT) dispense with
2D gels and allow high-throughput analysis of thousands of proteins [27, 28] and protein CHIP
technology may ultimately allow a simultaneous analysis of the entire proteome [29, 30],
increasing coverage of the metabolome presents a greater challenge. Indeed metabolite analysis
within systems approaches faces something of a dichotomy, since on the one hand it is
important to increase the scope of the metabolites measured (without compromising the
accuracy of the measurements) and on the other it is necessary to gain greater understanding of
the subcellular levels of metabolites.
Although LC-MS based methodologies have recently been developed allowing the
measurement of several important classes of secondary metabolites including alkaloids,
flavonoids, glucosinolates, isoprenes, oxylipins, phenylpropanoids, pigments and saponins, and
high-throughput spectrophotometric assays have been developed for GC-MS unfriendly
primary metabolites such as phosphorylated intermediates and acetyl CoA (reviewed in [16]),
it is clear that expansion of the coverage of metabolite profiling methods remains a daunting
task. The problem of obtaining information on subcellular information is particularly acute for
metabolites which lack the targeting signatures of proteins and turnover too rapidly to allow
measurement following aqueous fractionation procedures regularly used in protein analysis (see
[25]).
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Despite these problems, methods have been developed to obtain the subcellular information on
metabolite levels in intact plants - which is ultimately essential to allow accurate modelling of
metabolism. The first of these methods, non-aqueous fractionation of lyophilized material
involves the separation of small cell portions on an organic density gradient and the use of
simultaneous equations to estimate metabolite concentrations with respect to marker enzymes
of various organelles in the cell [31]. A second method involves the production of chimeric
proteins that differentially fluoresce upon the binding of a certain metabolite. Such proteins can
now be created by the fusion of periplasmic binding proteins to green fluorescent proteins and
subsequent monitoring of fluorescence energy resonance transfer (FRET), allowing imaging of
changes in the concentration of selected metabolites in real time [32]. Although both methods
have the potential to provide subcellular spatial information, they both have severe drawbacks
- current methods of non-aqueous fractionation only allow the discrimination of three
compartments the vacuole, plastid and cytosol, whereas multiple independent chimeric proteins
are required for each metabolite measured using the FRET approach - suggesting further
research effort will be needed to refine such procedures. However, it is clearly preferable to use
the estimated plastid metabolite concentrations than the average cellular concentrations when
modelling plastidial metabolism, and the coupling of the non-aqueous fractionation method to
GC-MS-based metabolite profiling methods, gave insight into the subcellular distribution of a
wider range of metabolites than had been determined to date [33].
In addition to understanding steady-state metabolite levels, it is imperative that high-throughput
methods of determining cellular flux between these metabolites are developed for plants.
Although frameworks for such experiments have existed for many years in medicinal and
microbial sciences (see [34], flux studies in plants are normally carried out using low resolution,
highly time consuming protocols based on following the redistribution of radiolabelled
substrates. Whilst these are useful in gaining information on the bulk flow through the major
pathways of primary metabolism (for an example see [35]) they offer little information about
other pathways and focus largely on pathway endpoints. More comprehensive methods that are
commonly used in microbial sciences, utilize a combination of stable carbon isotope labelling
and NMR or MS-based detection systems, in order to determine positional information of the
fed label throughout metabolism.
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This method offers the advantage that the labelling pattern of metabolic intermediates can be
studied and the position of labelling within the carbon skeleton of end products can allow
retrospective evaluation of the metabolic route by which they were formed.
Although used to a limited extent in studies of substrate cycles in primary metabolism [36],
perhaps the best example of this technology to date is its use in understanding of the metabolism
of storage lipids and proteins in developing Brassica napus [37]. In this paper the authors
demonstrated the different bioenergetic contributions that amino acids make to the cytosolic and
plastidial acetyl CoA pools, highlighting the potential of flux analysis in the understanding of
both pathway importance and location. A further example of the importance of both flux
measurements and understanding of subcellular location is provided by our recent finding that
enzymes of glycolysis are functionally associated with the mitochondria in Arabidopsis [38].
We established this using a combination of proteomic analyses of a highly purified
mitochondrial fraction which we then confirmed by enzyme activity assays. The sensitivity of
these activities to protease treatments indicated that the glycolytic enzymes are present on the
outside of the mitochondrion. Furthermore, when supplied with appropriate cofactors, isolated,
intact mitochondria were capable of the metabolism of C-13-glucose to C-13-labelled
intermediates of the trichloroacetic acid cycle, suggesting that the complete glycolytic sequence
is present and active in this subcellular fraction. Whilst highly novel in plants such associations
have been previously reported in Tetrahymena pyriformis [39] and more recently in human
heart [40]. It is clear that the understanding of such localized pathways is of critical importance
for the design of reliable metabolic models.
In addition to the development of efficient flux phenotyping platforms is the continued
development of the analysis of higher order modules. Whilst protein-protein interactions which
inform assignation of gene function and represent another method of pathway definition have
been the focus of much recent research effort [41-43], others such as protein-DNA [44] and
protein-lipid [4] interactions have only just begun to be studied at this level. If the analysis of
these higher order modules can be carried out in parallel with analysis at the various
independent levels under a range of environmental and developmental conditions, then a far
greater understanding of factors governing metabolic regulation would be achieved. The hope
being that once regulatory properties of the system are known at this level we can build accurate
models of metabolism that could be interrogated in silico to facilitate the design of rational
engineering strategies to generate desired properties in plants.
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INTERPRETATION OF DATA SETS
The analysis of molecular entities in a high-throughput manner and on a global scale places a
particular premium on the extraction of meaning from extremely large data sets. Currently, the
largest data sets tend to be those that contain mRNA transcript abundances and many of the
techniques of data analysis that we will describe have been applied principally to transcriptomic
data. Nevertheless, it is worth pointing out that the problems and solutions are the same, whether
one is dealing with mRNA-transcripts, proteins or metabolites. Microarrays are now available
that can be plausibly described as genomic (the Affymetrix ATH1 genechip reports on some
24,000 Arabidopsis thaliana genes) and their use generates data sets that consist of tens of
thousands of data-points. With such a high data density, it is difficult to display the entire data
set in a way that allows meaningful interpretation. Instead, methods must be used to filter the
data to retrieve only that data which satisfies criteria relevant to the experimental query. These
criteria can be manifold, but generally the most informative are those based on either the degree
of change of the data value between two conditions or on similarity of change of data value.
Many microarray-based experiments are a simple pairwise comparision between two
conditions, generally a control and a genetic variant or a different treatment (environmental
condition, pathogen attack etc.) and the aim is to identify genes that are differentially expressed
between the two conditions. These genes can be identified by filtering the data according to a
simple heuristic rule such as an expression cut off. Typically, this only considers genes to be
differentially expressed if there is a change in relative mRNA transcript abundance above a
defined threshold; typically 1.5-2.0 fold (see for example [6, 24]). While this method allows a
rapid filtering of the data, it will introduce a high number of false negatives since many
biologically-relevant changes may occur at a level that is below this arbitrary threshold. The
need to identify such changes has led to the application of more sophisticated statistical methods
to the analysis of array data [46]. These include: the nonparametric t-test, the Wilcoxon rank
sum test and the ideal discriminator method [47]. Each of these methods performs differently,
with some being more conservative than others. Such statistical approaches greatly reduce the
number of false negatives and impart some much needed rigour to the analysis of differential
gene expression on microarrays.
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While differential expression of genes (or indeed changes in protein and metabolite
abundances) provides the primary level of information as to the changes that accompany a
biological event, there is much more to be gained from such data sets than just establishing what
goes up and what goes down. Often, we are not so much interested in which genes are altered
in expression as we are in the relationships between those changes. In particular, statistical
techniques can be used to group data together on the basis of common patterns of changes. Such
groupings are particularly useful in the context of deciphering gene function, since it is likely
that elements that share the same function, or participate in the same process, are coordinately
regulated [48]. Co-responses of elements of unknown- and known-function allow novel
functional associations to be proposed [49]. This type of analysis has been used to propose novel
functions of genes [6], their protein products [49] and also to discriminate coordinately
regulated groups of metabolites [14] and is one of the principal ways in which system network
structure can be established. Two methods have been used to group data points: hierarchical
clustering analysis (HCA) [50] and principal components analysis (PCA) [51].
The former considers data objects as points in n-dimensional space or as n-dimensional vectors
(where n is the number of samples for comparison) and measures the distance (or similarity)
between these objects in n-dimensional space. This distance matrix can then be clustered using
standard clustering algorithms and the results presented as a dendrogram [52]. Recently, more
sophisticated clustering algorithms have been developed that automatically calculate the
optimal distribution of data objects over clusters and overcome problems related to robustness
and the establishment of optimal linear ordering of the cluster [53]. The complementary method
of PCA also establishes n-dimensional vectors and focuses on the vector that gives the greatest
separation between samples, the so-called principal component. The results are usually
displayed as a two-dimensional plot with the first principal component on the x-axis and the
second principal component on the y-axis. A refinement of this approach is to use a supervised
projection method such as discriminant function analysis (DFA) [54] which exploits userdefined information (such as which samples are replicates of one another) to determine withinand between-group variation. This information is then used in combination with principal
components to define discriminant functions that separate the groups.
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COMPUTATIONAL BIOLOGY
The ultimate aim of systems biology is the construction of a complete mathematical description
of the system. The idea is to exploit the increasing experimental knowledge of the behaviour of
the system in terms of different molecular entities, to devise a set of rules that accurately model
the behaviour of the system. There are clear advantages to such a mathematical approach. First,
such a model represents a way of storing and describing our current understanding of a system.
Second, mathematical models allow in silico interrogations of the behaviour of the system. Such
in silico experiments have the advantage of both speed and power over conventional "wet"
experimentation. Speed, in that any number of parameters can be varied and the effect of these
variations on the system behaviour or output can be calculated virtually instantaneously. The
power of the approach is derived from the fact that the effects of such changes are calculated in
the context of the entire system, the behaviour of which is too complex to be understood
intuitively. The realization of this aim of constructing a single model that describes an entire
system is still some way off. However, models are being devised that describe discrete parts of
the system and can be thought of as modules. It is likely that these modules can be joined
together to form a higher order model that represents a more complete coverage of the system.
Most of the mathematical models that have been devised, concentrate on describing the control
of flux through a metabolic pathway in terms of the amounts of the enzymes present and tend
to ignore other levels of the regulatory hierarchy (e.g. regulatory-gene expression). The reason
for this concentration on enzymes is that there are well established mathematical frameworks,
such as metabolic control analysis (MCA), that describe the control of metabolic pathways in
terms of enzymes and metabolites. Such frameworks are an essential starting point for
mathematical models. Indeed, most of the models of plant metabolism to date have used MCA
as the basic conceptual tool (e.g. [55, 56]). These models generally use kinetic parameters of
enzymes to derive the control structure. An alternative approach is that of metabolic flux
analysis (MFA) which can be used to interpret in vivo metabolic flux data and derive the
metabolic network and its control structure [57]. Both approaches suffer from the fact that the
experimental inputs required are generally not known in their entirety for a given system. In the
case of models based on kinetic parameters of enzymes, a 'mix and match' approach is often
taken where kinetic constants of enzymes from different organisms are combined.

81
Broad-Range Metabolite Analysis
Although core pathways such as glycolysis are highly conserved, there are nevertheless key
differences in their regulation between different organisms and such an approach is unlikely to
adequately describe the subtleties of different control structures in different organisms. In the
case of metabolic flux analyses, the situation is slightly better as there are a number of
theoretical approaches such as metabolic-flux balancing [58] and optimization approaches [59]
that can be used to derive unknown fluxes. Recently, a new approach to the modelling of
metabolic pathways has emerged that is based upon the principle of stoichiometric analysis
[60].
The basis of this approach is to define elementary flux modes - non-decomposable subnetworks that account for every possible flux within the network. Elementary flux modes are
non-decomposable in the sense that each mode contains a minimal set of enzymes such that if
only enzymes belonging to this set are operating, then complete inhibition of one of these
enzymes would lead to a complete cessation of pathway flux [2]. This approach allows one to
mathematically define and describe all metabolic routes that are both stoichiometrically and
thermodynamically feasible and is an extremely useful tool for the definition of network
structure [61]. When applied on a sufficiently large scale the approach allows cellular behaviour
to be reconstructed from network topology and thus represents a genuine systems analysis [62].
Although stoichiometric analysis concentrates on enzymes and metabolic pathways, the related
approach of gene circuit analysis [63] deals with regulatory modules that operate at the genetic
level. An integration of these two approaches would potentially describe the majority of
regulatory features that are known to occur in a metabolic network and bring us ever closer to
a truly holistic description of a biological system. However, to achieve such an integration will
require much concerted effort between experimentalists and theoreticians.

CONCLUSION
The availability and continued improvement of high-throughput analytical techniques has
brought about a distinct shift in the way biologists are approaching the solution of metabolic
control networks. Instead of the reductionist enzyme-by-enzyme approach, we are instead
attempting to take a more system-wide approach, in which a comprehensive analysis of a broad
range of molecular responses across the system are made and are used as the basis of a holistic
understanding of the system driven by computational methods.
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While this new approach has the potential to provide a quantum leap in our ability to understand
the control of metabolic networks, fulfilment of that potential will ultimately depend on a
number of key developments. First, several analytical challenges need to be met to ensure that
analysis of all types of molecular entity is as comprehensive as possible. These challenges
include a broadening of the coverage afforded by protein and metabolite profiling technologies
with the latter representing a considerable obstacle. In addition, the analysis of these molecules
needs to be refined to include single cells and different sub-cellular compartments. Second, the
field of computational biology needs to continue its progress in developing increasingly
sophisticated tools and approaches to the extraction of biological meaning from genomic data
sets. It is clear that the true success of the systems biology approach will be determined by the
extent to which theoretical and computational biologists can work together with experimental
biologists. The latter need to adopt new experimental strategies that are specifically tailored to
the systems approaches, while the former need to ensure that computational tools are made
available to the wider community such that the systems approach becomes a standard part of the
experimental arsenal and its use extends beyond a handful of test cases.
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