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Abstract

Gene-metabolite correlation networks of three independent biological systems were interrogated using an approach to define, and
subsequently model, causality. The major goal of this work was to analyse how information from those metabolites, that displayed a
rapid response to perturbation of the biological system, is processed through the response network to provide signal-specific adaptation
of metabolism. For this purpose, comparison of network topologies was carried out on three different groups of system elements: tran-
scription factors, other genes and metabolites, with special emphasis placed on those features which are possible sites of metabolic reg-
ulation or response propagation. The degree of connectivity in all three analysed gene-metabolite networks followed power-law and
exponential functions, whilst a comparison of connectivities of the various cellular entities suggested, that metabolites are less involved
in the regulation of the sulfur stress response than in the ripening of tomatoes (in which metabolites seem to have an even greater reg-
ulatory role than transcription factors). These findings reflect different degree of metabolic regulation for distinct biological processes.
Implementing causality into the network allowed classification of metabolite-gene associations into those with causal directionality from
gene to metabolite and from metabolite to gene. Several metabolites were positioned relatively early in the causal hierarchy and possessed
many connections to the downstream elements. Such metabolites were considered to have higher regulatory potential. For the biological
example of hypo-sulfur stress response in Arabidopsis, the highest regulatory potential scores were established for fructose and sucrose,
isoleucine, methionine and sinapic acid. Further developments in profiling techniques will allow greater cross-systems comparisons, nec-
essary for reliability and universality checks of inferred regulatory capacities of the particular metabolites.
© 2007 Elsevier Ltd. All rights reserved.
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1. Introduction in a functional dynamic system. This system must be capa-
ble of simultaneously maintaining homeostasis and reacting
A living organism consists of many highly diverse molec-  to changes within its environment. In order to perform both

ular entities (such as genes, proteins, metabolites) organized ~ functions, the systemic response to perturbation constitutes

a branched chain of consecutive changes of cellular entities.

_ o Information concerning these changes propagates along
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mation processing induced by a perturbation (signal) is
causally directed — starting from an exciter (a cause) and
its perception through transduction and transformation to
an endpoint response (an effect). For biologists who attempt
to decipher these chains of response reactions and to eluci-
date regulatory points within them, the intrinsic causality of
information processing networks represents a useful frame-
work that, in combination with empirical biological knowl-
edge, can be used in the analysis of biological reasoning. In
order to attempt such evaluation two basic features are
required within the dataset under consideration: (i) the con-
nections between recorded changes reflecting their putative
mutual dependencies must be determinable and (ii) some
biological knowledge concerning temporal points of excita-
tion (or final effect) must be available. For this reason
kinetic experiments appear to provide the richest source of
information for such studies. Time series of transcript and
metabolite profiling data, allowing cross-correlation analy-
sis and obtained in the experiments with plants, when the
response was induced by a treating agent recognized as a
response exciter, clearly satisfy both of the above mentioned
prerequisites. The present study is focused on a particular
aspect of the information processing in plants, which is
the transmission of information from a metabolite to a gene.
To access this question, we decipher causality in the inte-
grated gene-metabolite correlation networks.

Whilst the integrated analysis of metabolite and gene
expression profiles is recognized nowadays as a powerful
tool for biotechnology (Fernie et al., 2005), and is increas-
ingly useful in gene annotation studies (Tohge et al., 2005),
relatively little attempt has been made to decipher informa-
tion flow across and between these molecular entities. Ini-
tial experiments in which transcript and metabolic
profiles were analysed in parallel revealed important co-
regulatory behaviour between different molecular species
(Askenazi et al., 2003; Urbanczyk-Wochniak et al., 2003).
Subsequently from more detailed analysis of the systemic
response of Arabidopsis thaliana to sulfur deficiency it
was possible to identify clusters of co-regulated genes and
metabolites, that were interpretable on the basis of a priori
biological knowledge (Hirai et al., 2004, 2005). Similarly,
several aspects of the regulation of metabolism were
revealed following the interrogation of the integrated
gene-metabolite network of tomato fruit ripening (Carrari
et al., 2006) and folate responsiveness in mice (Ernest et al.,
2006). When taken together, data from these examples (and
several subsequent studies: Scheible et al., 2004; Osuna
et al., 2007) suggest that there is often a considerable delay
in the temporal response of metabolites with respect to
transcripts. These time response lags have to be taken into
account when biological reasoning in the informational
exchange between genes and metabolites is accessed.

Approaches to infer causality have been developed and
applied for gene co-expression networks. These are gener-
ally based on dynamic measurements of response which
yield hierarchical information about causal relationships
within networks. Such analysis has been performed to dis-

sect gene networks following hormone and insulin signal-
ing data (Kam, 2002), whilst information regarding the
time lag between species at which the highest correlation
was found has also been used as a method to infer causality
(D’haeseleer et al., 2000). However, such reasoning cannot
be directly extrapolated from pure gene co-expression net-
works to gene—metabolite correlation networks due to the
multi-scale nature of metabolic and gene expression
responses. To address to this problem, we previously elab-
orated a new approach for implementing causal direction-
ality into gene-metabolite correlation networks with the use
of the a priori knowledge on the molecule, which excites
the systems response and can thus be considered as a
‘cause’ (Nikiforova et al., 2005b). In such networks, prop-
agation of the information flow from the exciter to physio-
logical endpoints through alterations in gene expressions
and metabolite concentrations can be followed. Keeping
the strict statistical regime about significance of observed
patterns in correlation networks, from this analysis we
can conclude biologically meaningful information, even if
observed interactions are putative or indirect.

In the current work we apply this approach to extract
from gene—metabolite correlation network causally direc-
ted associated pairs metabolite-to-gene and estimate the
putative regulatory potential of the metabolites by means
of comparative network topology analysis. Three exem-
plary gene-metabolite networks (sulfur stress response in
A. thaliana, application of inhibitors of folate biosynthesis
to A. thaliana, and the tomato fruit ripening process) are
considered. In an attempt to identify putative regulators
of the adaptive response, capable to influence inter alia
gene expression, we distinguish those pairs of gene—-metab-
olite associations, in which dependency is putatively direc-
ted from metabolite to gene. Three groups of biosystem
elements with regulatory potential were considered: metab-
olites, transcription factors as known regulators of gene
expression and other genes. Putative expressional regula-
tion activity of metabolites, which we put in the focus of
the current research, has been recently recognized (Tucker
and Breaker, 2005; Grundy and Henkin, 2006; Ladurner,
2006) and is not yet well understood.

Data from the two successful implementations are dis-
cussed in the context of current models of metabolic regu-
lation of gene expression. In addition, the reasons behind
the inability to implement causality in the third dataset,
as well as current limitations and future prospects of this
approach, are discussed.

2. Results and discussion

2.1. Suitable datasets for reconstruction of causally directed
gene—metabolite correlation networks

External signals excite a chain of response reactions in
biological systems, finally leading to an adaptation of the
biological system to accommodate to its changing environ-
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ment. The final physiological response and the signal which
elicits it are generally linked by a complex chain, in which
information is processed through consecutive propagation
of information-bearing changes from upstream to down-
stream elements within the chain. A multitude of data col-
lected at the metabolite and transcript levels provide
correlative evidence that both types of molecular entities
are involved in information processing networks. First,
there are many instances in the literature documenting that
both transcripts and metabolites change in response to
external perturbation (see for example Nikiforova et al.,
2004; Nikiforova et al., 2005a). Secondly, distinct altera-
tions in transcript levels (which can be considered as an
informational signal) may lead to multiple changes at the
level of the metabolite (see for example Bohmert et al.,
2000; Wrobel-Kwiatkowska et al., 2004; Bino et al., 2005;
Busov et al., 2006) and vice versa, treatments with external
metabolites lead to multiple changes in the abundance of
transcripts (Kiddle et al., 2003; Hoth et al., 2002; Rashotte
et al., 2003; Goda et al., 2004; Uppalapati et al., 2005).
These data suggest that both transcripts and metabolites
are involved in the transmission of information concerning
external perturbation. They, furthermore, imply that infor-
mational exchange between genes and metabolites occurs in
both directions. In the present study we focus on a single
aspect of such interactions of informational exchange in
the direction from metabolite to gene.

To identify putative metabolic regulators of response
control in plant biosystems, we used an approach of corre-
lation network analysis, which allows reconstruction of
gene—metabolite interactions. Such analysis seems to be
especially suitable for simultaneous studies of systems’
responses at the levels of transcripts and of metabolites,
as the nature of mutual influences between these system ele-
ments is not well understood, and in correlation networks
connections do not directly represent a physical interaction
between nodes, but rather indicate co-expression or co-reg-
ulation of the elements in the conditions under study. Items
with similar patterns of co-regulation are usually consid-
ered to be more likely functionally associated, due to a
variety of different biological reasons. These functional
associations imply an exchange of information between
items whilst the entire correlation network represents a
sum of such associations.

For the production of the initial datasets on constitutive
changes in transcript and metabolite levels in plants in

Table 1

response to external signal, the system in steady-state was
perturbed and the response development in a time scale
was registered. Then, transcript and metabolite profiles of
control and perturbed samples were taken and analysed.
After purification of the obtained dataset from noise, cor-
relation matrices were calculated and gene-metabolite
communication networks were reconstructed from all sig-
nificantly correlating pairs gene-gene, gene—metabolite
and metabolite-metabolite. For the question of possible
metabolic regulation of response control through e.g.,
altered gene expression, the gene-metabolite correlating
pairs are of particular interest, especially if causal relation-
ships gene-to-metabolite and metabolite-to-gene can be
distinguished.

To be suitable for such analysis, correlation networks
have to (i) represent statistically reliable correlations, (ii)
contain both transcripts and metabolites and (iii) be caus-
ally directed. Table 1 contains the descriptions of the data-
sets under analysis in the present study, with corresponding
numbers of analytes used for network reconstruction.
Three biological examples are considered: response to
hypo-sulfur stress and to herbicide treatments in Arabidop-
sis and a developmental process of fruit ripening in tomato.

2.2. Topology analysis of integrated metabolite—gene
correlation networks

2.2.1. Analysis of distribution of associated pairs of network
elements by correlation coefficient

Correlation networks reconstructed from the above
three datasets were further characterized regarding distri-
bution density of correlation strength between their ele-
ments (reflected by calculated Pearson correlation
coefficients, Fig. 1). In the case of the response develop-
ment of Arabidopsis plants to sulfur deficiency and herbi-
cide treatment (Fig. 1.1a and 1.2a) distribution densities
were strongly biased toward positive correlations, compar-
ing to normal distributions in shuffled datasets used as no-
information-containing controls. Similar question on sig-
nificance of the observed shift to positive correlations
between performance and neuronal response in monkey
was raised in the discussion between Roelfsema (2002)
and Hasegawa et al. (2002). For our biological examples,
it is conceivable that this observation may reflect a prefer-
ence for feedforward rather than feedback control. Inter-
estingly, no such bias was observed in the dataset in

Initial datasets used for reconstruction of gene-metabolite correlation networks (tf, transcription factors)

# Organism Experiment Series tf Non-tf  Metabolites Reference
length  genes  genes

1 Thale cress (Arabidopsis Sulfur starvation 12 424 5629 30 Nikiforova et al. (2003,
thaliana Col-0 G1) values  (7%) 2004, 2005a, 2006)

2 Thale cress (Arabidopsis Treatment with inhibitors of folate 6 425 5737 78 Unpublished
thaliana Col-0 G1) biosynthesis, Asulam and Methotrexate values  (6.9%)

3 Tomato (Solanum Fruit ripening 10 164 3169 92 Carrari et al. (20006)
lycopersicum) values  (4.9%)
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Fig. 1. The density of Pearson correlation coefficients for the whole distance

Pearson Correlation Coefficient

matrices (a) and for the subset of mixed gene-metabolite associated pairs (b),

in analysed datasets of Arabidopsis plants responding to either herbicide treatment (1) or sulfur deficiency (2), or of ripening tomato fruits (3). The density
function describes the probability for an associated pair to exhibit a correlation coefficient within a defined interval; if the whole probability area equals 1,

then the probability to find an association in any particular interval [a, b] i

s equal to the integral of the function f from a to b. Dotted lines describing

probability densities for no-information controls (shuffled datasets), are given for comparison.

which metabolic and transcript changes in the process of
tomato fruit ripening were monitored. Here, associations
are more evenly distributed between the area of positive
and negative correlations (Fig. 1.3a), demonstrating no
preference in favor of either feed forward or feed back
mutual influences.

When connectivities in the subset of mixed gene-meta-
bolite associations were analysed, no shifts towards positive
correlations were observed (Fig. 1.1b and 1.3b). Moreover,
in the correlation network describing response to sulfur
deficiency, correlations in the mixed gene-metabolite asso-
ciated pairs were shifted to the negative area (Fig. 1.2b),
pointing at possible feed-back mechanism of metabolic reg-
ulation. Thus, analysis of connectivity distribution densities

pointed at possible preferential mechanism of the informa-
tion processing in the examined biological examples.

2.2.2. Analysis of distribution of network elements by number
of connections (connectivity degree)

To analyse whether the examined networks exhibit a
typical power-law topology, we used non-linear least
squares for distribution function parameters estimation
and Akaike Information Criteria (AIC) for goodness-of-
fit determination (Sakamoto et al., 1986). These analyses
suggested that a power law topology was inherent in the
correlation networks of Arabidopsis plants responding to
sulfur deficiency (Fig. 2.1) and to herbicide treatment
(Fig. 2.2). However, it is worthy to note that an exponen-
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Fig. 2. The cumulative connectivity degree distribution of the networks analysed. The cumulative connectivity degree distribution was analysed in the
context of goodness-of-fit to exponential and power-law distributions. Networks were iteratively filtered for the strongest correlations starting from 1 (for
fully connected networks) and ending on 0 (for a graph displaying completely disconnected nodes, as described in Section 4). The fitness score is in
inversely dependence with the AIC i.e., the lower the AIC, the better the fit. For corresponding network reconstructions, original (1a) and shuffled (1b)
data on sulfur starvation and herbicide treatment data (original, 2a, and shuffled, 2b) were used.

tial distribution curve seems to better describe the data at
lower significance thresholds. Comparison of AIC plots
of experimental data with the shuffled sets of data revealed
no significant fit neither to power-law nor to exponential
distribution for shuffled dataset (unless only a couple of
nodes remains in the network), implying that conclusions
based on the experimental data are not merely artefactual.

Occurrence of a power-law and exponential degree distri-
bution properties in correlation networks suggests a high
structural organization of analyzed system. The same distri-
bution characteristics were obtained for approximately the
same percentage of remaining associations in both analysed
networks. It indicates that despite different experimental
background, reconstructed networks are structurally com-
parable. This fact may have a strong natural reason, as all
the observed correlations come from similar underlying
cellular systems.

Even though all our networks represent similar struc-
tural organisation, a deeper analysis of network structure

compatibility has to be considered. Inclusion of more data-
sets, different organisms and more experimental conditions
into analysis should let us statistically examine relation-
ships between a particular biological system, source of var-
iation and correlation network structure.

2.3. Comparing connectivities in three groups of analytes.
metabolites, transcription factors and other genes

To better characterize the functional role of metabolites
in information processing and in order to estimate their
capacity in regulation of adaptive responses, their preferen-
tial association with genes was compared with association
frequencies of other combinations of molecular entities.
For this purpose, besides metabolites, two groups of net-
work elements were considered separately: transcription
factors (tf) (which have a well-established regulatory func-
tion), and other genes. In the case of the sulfur-deficient
Arabidopsis dataset, the highest enrichment was found in



2168 J. Szymanski et al. | Phytochemistry 68 (2007) 2163-2175

2.36
1.41 1.58
c 101 - | i1
<
3
s
0.1 1
0.07
0.04
0.01

gene-gene gene-tff gene-metb t-tf tf-metb  metb-metb

Fig. 3. Evaluation of true associations. The ratios of observed association
frequency to the proportional distribution (associations returned on the
basis of chance alone) in the correlation network of the sulfur deficiency
stress response of Arabidopsis plants are depicted. Datasets were split into
three groups: metabolites, transcription factors and other genes, denoted
as “genes”.

the frequencies of associations between transcription fac-
tors and other genes (Fig. 3). Homogeneous associations
tf—tf and metabolite-metabolite were slightly enriched in
comparison with random associations, whilst the number
of associations of gene-metabolite and tf~metabolite were
much less frequent than were associations made by chance
indicating that metabolites contribute little to the regula-
tory events under these biological circumstances.
Comparison of metabolite connectivities with those of tf
and non-tf genes for the process of fruit ripening in tomato
and hypo-sulfur stress response in Arabidopsis is given in
Table 2. Here, over-represented connectivities are indicated
by connectivity enrichments higher than 1, and under-rep-
resented enrichments are less than 1. Interestingly, compar-
ison between these events suggests that metabolites appear
to play a greater role during tomato fruit ripening (in
which they display a connectivity enrichment of 1296 which
is even higher than that displayed by tfs, 0,896). This find-
ing is particularly interesting given recent interest in under-
standing the metabolic shifts during fruit development and

Table 2

Comparative analysis of metabolite connectivities with those of transcrip-
tion factors (tf) and non-tf genes in gene-metabolite correlation networks
reconstructed from profiling data on ripening tomato fruits and sulfur-
stressed Arabidopsis thaliana seedlings

# Vertices # Connections  Connectivity enrichment
Tomato, ripening:
Total 3425 4080
Non-tf genes 3169 3763 0,997
tf genes 164 175 0,896
Metabolites 92 142 1,296
Arabidopsis thaliana, S response:
Total 2014 238410
Non-tf genes 1843 216310 0,991
tf genes 141 20589 1,234
Metabolites 30 1511 0,425

Connectivity enrichment was calculated from average connectivities for
metabolites, tf and non-tf genes divided by total average connectivities.

the hypothesis of the importance of metabolites in ripening
should be directly tractable given the widespread availabil-
ity of mutants and transgenics of ripening and metabolism
(Giovannoni, 2004; Carrari and Fernie, 2006). The fact
that metabolites seem to be more influential in tomato rip-
ening than in the response of Arabidopsis to sulfur stress
may well reflect that there is a different degree of metabo-
lism-mediated regulation in distinct biological processes.

2.4. Approaching causality in correlation networks

Network reconstruction based on correlation matrices
does not imply causal directionality, and the direction of
informational exchange between elements is not defined
in the reconstruction procedure, as can be illustrated with
the correlation network reconstructed from the dataset 2
of herbicide-treated Arabidopsis plants.

However, as we demonstrated previously (Nikiforova
et al., 2005b), in some correlation networks causal direc-
tionality can be implemented, when the initial exciter (a
‘cause’) of the response development is known and is pres-
ent as one of the elements in the network. For the network
of hypo-sulfur stress response, such exciter is represented by
sulfur molecule itself, based on an assumption, that internal
sulfur level is the first to change in response to altered exter-
nal sulfur. As the values for decreasing internal sulfur in the
time scale of starvation experiment were measured, it was
possible to give the ‘causal’ hierarchical ordering to all ele-
ments in the correlation network reconstructed from tran-
script and metabolite profiles of sulfur stress response:
those elements which strongly correlated to sulfur were
put at the beginning of the putative information processing
flow (correlators of the first order), those correlating with
the first order correlators were assigned to the second posi-
tion in the causal hierarchy, and so on, down to the very
endpoint reaction elements. Following this principle, by
measuring a distance from the exciter each element in the
response network can be assigned to a numbered causal
level. The step-by-step techniques of getting the systems ele-
ments assigned to the numbered classes of causal hierarchy,
starting from sulfur as the response exciter (causal level 0),
is described in Section 4.3 of the Experimental, “Ordering
network elements by causal hierarchy”.

For another network considered in the present study,
which describes the process of tomato fruit ripening (data-
set 3), such initial exciter evidently can not be identified,
though here causal directionality was also implemented
to the network. For this we utilised the reverse logics of
gained knowledge on molecules, which are the last to
accumulate in the ripening tomato fruits (i.e., neoxanthin,
B-carotene and lycopene, Carrari et al., 2006) and thus
can be considered as an ‘effect’ in establishing cause-to-
effect relationships.

Now, as in the reconstructed response network we got,
on the one hand, both genes and metabolites, and, on the
other hand, general causal directionality, we could distin-
guish those metabolite-containing associations, in which
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putative information flow is directed from a metabolite to a
gene. Metabolites from such associated pairs were assumed
as putative regulators of response development.

2.5. Identification of metabolite-to-gene relationships in
directed correlation networks

In the analysed networks general number of causal con-
nections was high, forming a dense network with fast
exhaustion of the involved system elements as the distance
from sulfur or from the ripening end-point increased. The
high network densities are reflected in their relatively small
diameter, which in turn depends on the character of con-
nectivity distributions. Network diameter can be character-
ized by the number of hierarchical classes in the network,
where each class corresponds to a causal level, determined
by distance from the initial exciter in a correlation network.
In the example of sulfur deficiency response the latest class
in causal hierarchy was 12, and a major portion of connec-
tions was already exhausted before class 9 (Fig. 4).
Together with the identified close fit to power-law connec-
tivity distribution, this finding attributes the examined net-
work to the graphs displaying ‘small world’ behaviour (Fell
and Wagner, 2000), which may serve to minimize transition
times between metabolic states (Wagner and Fell, 2001).
The network diameter is generally considered as a measure
of systems functionality (Dartnell et al., 2005) and appears
to be intertwined to the level of the systems complexity. As
was demonstrated by A.K. Seth (2005) in reconstruction of
causal interactions in neural dynamics, the networks which
describe rich adaptive behaviour show a higher density of
causal interactions and a stronger input-to-output causal
flow.

Table 3 compiles the data on number of connections to
upstream and downstream elements for 30 different metab-
olites in the hypo-sulfur stress response network. With
these data, we estimated the capacity for expressional reg-
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Fig. 4. Distribution of elements between network classes in the sulfur
deficiency response correlation network. The class number indicates the
distance of the element from the initial response exciter of the network as
defined in Section 4.

ulation of the response process for the considered metabo-
lites as a portion of connections to downstream
(‘regulated’) elements, expressed as a % of the total number
of connections for a particular metabolite. In this analysis,
the network distance of a metabolite from sulfur had to be
accounted for, since the probability to have many connec-
tions with downstream elements decreases with the increas-
ing class number. Furthermore, the higher a metabolite is
in the causal hierarchy the larger the portion of the net-
work it can potentially influence. For this reason we pro-
vide class number for every metabolite in Table 3, and
compare their connectivities primarily with those of other
metabolites of their own class.

Amongst the parameters we examined it seems likely
that the total number of connections in the correlation net-
work may reflect the functional importance of a given ele-
ment in information processing. To consider all three
parameters — class number, total connectivity and connec-
tivity to downstream elements in our evaluation, we imple-
mented a combined regulatory potential (RP) score by
multiplying out total connectivity and connectivity to
downstream elements, divided by class number.

This analysis revealed several interesting features. When
considering metabolites of class 5, isoleucine possesses the
highest number of connections to the downstream elements
in the causal hierarchy. In the case of metabolites from class
6, fructose stands out from the others in that the major por-
tion of its connections are to downstream elements, whilst,
valine, sucrose and glutamine also possess a larger number
of connections to the downstream elements, than the other
metabolites of class 6. In class 7, the majority of connections
have been already exhausted in higher causal classes 1-6.
Nevertheless, three metabolites from this class, glycine,
putrescine and tryptophan, still have significant number
of downstream connections. Metabolites of classes 9 and
11 can be assumed to have little regulatory potential in
the biological scenario under study, as their involvement
into regulation, if any, is too late to be significant.

The same metabolites, which are connected to the signif-
icant number of downstream elements, demonstrated also
high RP scores. The highest RP score was registered for
fructose, then isoleucine, sinapic acid, and methionine
and sucrose with similarly high scores of combined regula-
tory potential.

Importantly, regulatory roles for several of the metabo-
lites with high RP scores and significant numbers of the
downstream connections have already been described in
the literature. From some of the reported experiments,
the possible mode of action of these metabolites on gene
expression, either direct or indirect, can be elucidated.
Among such metabolites, methionine in gram-positive bac-
teria is involved into the regulation of gene expression
through the S-box transcription termination control system
(Grundy and Henkin, 1998; Murphy et al., 2002). Expres-
sion of the S-box genes is induced in response to limitation
for methionine and depends on S-adenosyl-L-methionine
(SAM), concentration of which is sensed directly by the
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Table 3

Distribution of metabolite connections between upstream and downstream elements in causally directed gene-metabolite correlation network
(reconstructed from transcript and metabolite profiling data on the hypo-sulfur stress response of Arabidopsis thaliana plants; in the last column
connectivity enrichment in tomato fruit ripening network is given for comparison)

Metabolite Class Connectivity # Connections to  # Connections to # Connections to Regulatory  Connectivity enrichment
# enrichment  upstream elements elements of the same  downstream potential in tomato fruit ripening
(%) class (%) elements (%) score network
Sulfur 0 0.02 0 0 100 Not measured
Methionine 5 0.38 2 56 42 3.2 Disconnected
Isoleucine 5 0.53 2 37 62 6.6 Disconnected
c-sinapic acid 5 0.49 2 47 52 5.1 Not measured
Arginine 5 0.07 25 50 25 0.3 Disconnected
Valine 6 0.37 11 73 16 1.0 0.84
Threonine 6 0.58 30 67 3 0.3 1.68
Sucrose 6 1.35 50 36 14 32 Disconnected
Proline 6 1.13 37 54 8 1.5 Disconnected
Phenylalanine 6 0.54 39 61 0 0 10.91
Glycerol-1-P 6 0.47 36 61 4 0.3 Disconnected
Glycerol 6 0.36 51 49 0 0 0.84
Glutamine 6 0.22 12 77 12 0.4 Disconnected
Fructose 6 1.36 3 56 41 9.3 Disconnected
b-alanine 6 0.54 33 67 0 0 Disconnected
Aspartic acid 6 0.02 50 50 0 0 Disconnected
Tryptophan 7 0.18 52 38 10 0.2 12.59
Shikimic acid 7 0.16 16 79 5 0.1 0.84
Putrescine 7 0.08 33 44 22 0.2 0.84
Phosphoric acid 7 242 41 59 0 0.1 Disconnected
Malic acid 7 0.24 7 83 10 0.4 0.84
Glycine 7 0.13 27 40 33 0.6 Disconnected
Glyceric acid 7 0.35 5 93 2 0.1 Disconnected
Glutamic acid 7 0.21 12 84 4 0.1 Disconnected
Fumaric acid 7 0.39 15 78 7 0.4 Disconnected
Serine 9 0.10 17 42 42 0.5 0.84
g-aminobutyric 9 0.05 33 50 17 0.1 Disconnected
acid
Raffinose 11 0.02 50 0 50 0.1 Not measured
Succinic acid Disconnected Disconnected
Myo-inositol Disconnected Disconnected

Class number was defined as network distance from sulfur, sulfur class number was assigned to 0.
Connectivity enrichment was calculated as number of connections divided by average connectivity of all network elements.

nascent transcript in the absence of a trans-acting factor
(McDaniel et al., 2003). In eukaryotes disturbed in sulfur
metabolism methionine may be also indirectly involved
into the regulation of gene expression as an immediate pre-
cursor of SAM. SAM is the main methyl group donor in
DNA methylation reactions, an important epigenetic fac-
tor in the regulation of gene expression. When in diets of
experimental animals methionine content was manipu-
lated, resulting imbalance in SAM was critical for the
long-term regulation of gene expression (Rees, 2002).
SAM, in, turn is a precursor of sulfur-containing nucleo-
side 5’-methylthioadenosine, which has been also shown
to influence regulation of gene expression in mammalian
cells (Avila et al., 2004).

Sucrose is a well-known modulator of gene expression in
plants. When the effects of sucrose at a genome-wide level
of A. thaliana wild type and mutant plants were studied, a
significant amount of genes strongly responsive to sucrose
were identified (Gonzali et al., 2006; Lloyd and Zakhleniuk,

2004; Osuna et al., 2007). Similar analysis in sucrose-
starved rice revealed consensus cis-elements in the pro-
moter regions of many sucrose starvation-upregulated
genes, being the promising response activators (Wang
et al., 2007). In potato, sucrose inhibited the promoter of
glucosyltransferase gene (Korobczak et al., 2005) and
induced the promoter activity of 14-3-3 protein gene
(Szopa et al., 2003). In spite of the vast evidence for sucrose
being a strong modulator of gene expression, the direct
mechanisms of its action are still not fully understood.

Isoleucine, together with threonine, regulates the expres-
sion of the threonine operon enzymes of Escherichia coli-
through the attenuation response determined by the
threonine and isoleucine codons in the leader transcript
(Lynn et al., 1987; Vitreschak et al., 2004).

The action of glutamine on gene expression is studied for
some time in mammalian cells. From these studies, it
appears that glutamine may regulate gene expression by,
at least, two different mechanisms: one through the gluta-
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mine-induced cell swelling, and another through its intra-
cellular metabolism (Quillard et al., 1997; Lavoinne et al.,
1998).

Lyubetsky et al. (2006) proposed recently the model for
attenuating mRNA regulation of gene expression via tran-
scription termination, exemplified with tryptophan.

The putrescine observation is quite interesting since
polyamines have been shown to be involved in regulation
of gene expression (Koza and Herbst, 1992; Tabib and
Bachrach, 1994; Morgan, 1999). Of particular note is the
finding that they are feedback regulators of methionine
synthase gene expression, involved in sulfate assimilation
(Kenyon et al., 1996). It is worth mentioning here that
within our sulfur stress response network, putrescine had
two downstream connected genes as putative ’causal sinks’.
One of these genes, Atlg62180, is also a gene of sulfate
assimilation, encoding putative adenosine-5'-phosphosul-
fate reductase; the other, At4g23990, encodes cellulose syn-
thase catalytic subunit-like protein. All these findings
indicate the indirect linkage of polyamines with the regula-
tion of gene expression. The recent study by Lindemose
et al. (2005) demonstrated that polyamines at submillimo-
lar concentrations bind preferentially to bent adenine tracts
in double-stranded DNA. These results provide the evi-
dence for the sequence-specific binding of polyamines to
DNA, and thereby suggest a mechanism by which the cel-
lular effects of polyamines in terms of regulation of gene
expression could, at least partly, be a direct consequence
of sequence-specific interactions of polyamines with pro-
moters at the DNA sequence level.

Notably, from amongst a dozen metabolites known so
far, for which direct regulation of gene expression through
riboswitch mechanism has been reported, only glycine is
present in our experimental set of metabolites, and its RP
score is the highest for its class (7). (For reviews on ribo-
switch mechanism see e.g., Grundy and Henkin, 2006;
Winkler, 2005. Data on riboswitch-related metabolites
are collected in RibEx database [<http://132.248.32.45:
8080/cgi-bin/ribex.cgi>], Abreu-Goodger and Merino,
2005; or as a special subset in RegRNA database
[<http://bidlab.life.nctu.edu.tw/RegRNA2/website/>],
Bengert and Dandekar, 2003.)

Whilst the retrieval of known regulatory metabolites
from our data set is promising, that of previously unre-
ported metabolites could ultimately prove more informa-
tive. However, it is likely that considerably more direct
experimentation is required in order to corroborate these.

While accessing the question on how common/specific
are the identified regulatory properties of the analysed
metabolites, we compared their connectivity enrichment
in the networks of sulfur stress response and tomato fruit
ripening (Table 3). The conservation is very low between
these networks, and little can be gleaned by way of com-
parative analysis since the overlap between metabolites
detected in both systems which remain connected in both
networks is low. It thus remains possible, that the role of
metabolites in mediating response relay is rather condi-

tional than universal, but from the limited number of stud-
ies to date it is too premature to reach such a conclusion.

3. Conclusions

The approach elaborated here allowed the modelling of
causality in gene-metabolite correlation networks recon-
structed from series of transcript and metabolite profiles.
For the purposes of estimating regulatory potential (RP)
of metabolites it was possible to identify associations
between genes and metabolites that were causally con-
nected in the direction from metabolite gene. We hypothe-
size that the metabolites possessing the highest RP score
were involved in the regulation of the adaptive response.
With the use of this approach metabolites known to regu-
late gene expression were retrieved from our data set. It
should be borne in mind, that analyses such as those
described here are in their infancy and as yet the number
of testable datasets is still strictly limited (an observation
that is reflected in the fact that we were unable to recon-
struct a gene-metabolite correlation network with imple-
mented causality for the herbicide treated Arabidopsis
samples), and it is thus difficult to draw general conclusions
on the influence of metabolites on network behaviour.
Interestingly, however, the fact that the networks resulting
from two distinctly different biological processes have some
conserved but many different features suggests, that some
aspects of regulation are likely conditional. Further prob-
lems come from the facts, that metabolite profiling meth-
ods in particular but also transcript profiling experiments
in some species offer far from absolute coverage, and that
available data generally does not allow for turnover of
the molecular entities to be taken into account, when data
integration is performed. That said despite these limitation
the findings reported here provide a list of candidates of
metabolites that are putatively important conduits of infor-
mation transmission. The combination of enhanced metab-
olite coverage and increased data quality, that can be
anticipated in the near future given advances in analytic
techniques and the adoption of reporting standards by
the metabolomics community, will likely allow us to test
the generality of our findings in the not too distant future.
However, irrespective of this the direct testing of these can-
didates by artificially modifying their content via metabo-
lite feeding studies or by genetic means is likely to be of
high importance in the validation of these hypotheses.

4. Experimental
4.1. Data collection

Dataset 1: the A. thaliana hypo-sulfur stress response
data consisted of combined transcript and metabolite pro-

files, obtained and normalized as described previously
(Nikiforova et al., 2003, 2004, 2005a, 2006). In brief,
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A. thaliana Col-G1 plants that had been pre-grown on full-
nutrition solid agarose or liquid medium, were transferred
into sulfur-deficient medium and later sampled after 2, 6,
10 and 13 days of sulfur starvation. Transcript profiles
were performed by means of array hybridization whilst
metabolite profiles were mainly obtained following the
application of established GC-MS and LC-MS protocols.

Dataset 2 of the A. thaliana herbicide treatment con-
sisted of combined transcript and metabolite profiles. To
obtain them, A4. thaliana Col-G1 plants growing on stan-
dard solid agarose medium, were treated with two herbi-
cides asulam and methotrexate (MTX), which are known
inhibitors of folate biosynthesis. After pre-growth for one
week, seedlings were transferred to the medium containing
5x 106 M asulam or 5 pg/l MTX. Plants were harvested (in
five replicates per treatment) three and six days after trans-
fer. For both time points, samples of the plants transferred
to herbicide-free media, were taken as a control. For tran-
script profiling, macroarray hybridisation and data nor-
malization/analysis was performed exactly as described
previously (Nikiforova et al., 2003). In order to obtain
metabolite profiles, GC-MS analysis was performed, as
described by Nikiforova et al. (2005a).

Dataset 3 of tomato fruit ripening was obtained as
described by Carrari et al. (2006). In brief, Solanum Iycoper-
sicum plants were grown in a greenhouse and fruit samples
were harvested at various time points post anthesis. Micro-
array hybridization was carried out as described in Urban-
czyk-Wochniak et al. (2006), whilst GC-MS analysis was
performed as described by Roessner-Tunali et al. (2003).
Both methods were optimized for use with tomato fruits.

Constituents of all three datasets are summarized in
Table 1.

4.2. Reconstruction of statistically reliable correlation
networks

Datasets were cross-normalized by scaling each species
profile into a range from 0 to 1 (a scaling that preserves
all relative differences between observations). A previously
described algorithm (Nikiforova et al., 2005a) was modi-
fied to allow precise statistics on correlation significance
and was subsequently used for relevant network
reconstruction.

1. MetaGeneAlyse software (Daub et al., 2003) was used
for min—-max data normalisation and data shuffling with
an over-sampling rate of 500. For full details on how
this was implemented see the User Manual on the Meta-
GeneAlyse web page (<http://metagenealyse.mpimp-
golm.mpg.de/>).

2. A Pearson correlation coefficient-based distance matrix
was subsequently calculated for each experimental data-
set and its corresponding shuffled (randomized) dataset.
The R 2.2.1 software environment was used for all com-
putations and data handling (Gentleman and Thaka,
1996).

3. Matrices were filtered using two significance criteria: p-
value for o =0.01 and a 1% random threshold. For p-
value filtering, the significance thresholds were set as
two degrees of freedom, and « at 0.01. For 1% threshold
filtering, an improved shuffling approach procedure was
utilized. Following this approach, the correlation distri-
butions of the original and shuffled (randomised) data-
sets were compared, and the significance threshold
value for the Pearson correlation coefficient R was set
as the level, at which number of pair associations from
the shuffled dataset constituted not more than 1% to
the number of associations from the original dataset.
All associations correlating at a level lower than the
set threshold were filtered out from the further network
analysis.

4. Network graphs were built from the list of the selected
associated pairs using a combination of R language
for data analysis and graphics (Gentleman and Thaka,
1996) and Pajek software (Batagelj and Mrvar, 2003)
to facilitate display of all selected network elements as
interconnected nodes.

5. As a control for network topology analysis two types of
artificial networks were reconstructed. In the first type of
reconstruction, the number of nodes in the network was
conserved but the localization of edges (between nodes)
was varied randomly. In the second type of reconstruc-
tion, an artificial scale free network with conserved 4,
number of nodes and other structural parameters was
generated.

4.3. Ordering network elements by causal hierarchy

Causal relationships between particular network ele-
ments were elucidated based on an original approach
described by Nikiforova et al. (2005b). Pajek software for
network analysis was used to assign sulfur in the sulfur
stress response network to a hierarchical class ‘0’. Hierar-
chical layers of all the other network elements were subse-
quently determined by the program, depending on the
distance from sulfur and downloaded in a form of a list
of elements with the corresponding hierarchical class num-
ber. Within the associated pairs the nodes with the smaller
class number were regarded ‘regulating’, and those with the
larger class numbers as ‘regulated’ elements (so-called "cau-
sal sources’ and ’causal sinks’, a term by Seth (2005)).

At the next step, from the associated pairs ‘gene—gene’,
‘metabolite-metabolite’ and ‘gene-metabolite’ the later
were selected in order to search for potential metabolic reg-
ulators of gene expression. Within these pairs, the mutual
order of class numbers for genes and metabolites was ana-
lysed. Here three situations are possible: the gene possessed
a smaller class number than the associated metabolite, the
class numbers of gene and metabolite are equal or the class
number for the metabolite is smaller than that of the asso-
ciated gene. Metabolites of the later case were considered
as putative regulators for their associated genes.
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For the network describing tomato fruit ripening, the
final causal element (a causal sink) in the network was
assigned to a hierarchical class ‘0’. The hierarchical classes
for all the other elements in the network were subsequently
determined by the program as —1 (significantly correlating
and thus directly connected to the latest element of class
‘0’), —2 (directly connected to any of the elements from
class ‘—1’) and so on. For ease of comparison with the
other networks these were then re-annotated in reverse
order. By this procedure, elements which were the most dis-
tant from the final causal element were identified as being
at the beginning of the causal hierarchy and thus were
assigned the lowest class number.

For the network of the response to herbicides neither the
initial exciter (a causal source) nor the final response ele-
ment (a causal sink) could be identified in the independent
experiments, and causal relationships in the reconstructed
gene—metabolite correlation network could not be
obtained.

4.4. Degree distribution analysis in study of network
topologies

In order to evaluate, if the examined networks exhibit
defined topology, the non-linear least square approach
for distribution function parameters estimation and the
Akaike Information Criteria (AIC) for goodness-of-fit
determination (Sakamoto et al., 1986) were applied. The
same procedure was performed for both linear and expo-
nential distribution functions. For this purpose, datasets
were iteratively filtered using increasingly stringent signifi-
cance thresholds (starting with a completely connected net-
work and ending with totally disconnected nodes). In each
step an additional 1% of associations were filtered out, dis-
tribution function parameters were estimated and the AIC
was computed in order to describe changes in degree distri-
bution characteristics for all iterations.
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