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Gene networks: how to put the
function in genomics
Paul Brazhnik, Alberto de la Fuente and Pedro Mendes
An increasingly popular model of regulation is to represent networks of genes
as if they directly affect each other. Although such gene networks are
phenomenological because they do not explicitly represent the proteins and
metabolites that mediate cell interactions, they are a logical way of describing
phenomena observed with transcription profiling, such as those that occur
with popular microarray technology. The ability to create gene networks from
experimental data and use them to reason about their dynamics and design
principles will increase our understanding of cellular function. We propose that
gene networks are also a good way to describe function unequivocally, and that
they could be used for genome functional annotation. Here, we review some of
the concepts and methods associated with gene networks, with emphasis on
their construction based on experimental data.
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Experimental biology is finally catching up with
theoretical biology in analyzing life at a systems
level [1,2]. With the development of high-throughput
genomics and, more recently, functional genomics, data
on thousands of cellular species are being gathered by
the gigabyte. This is a significant shift from the
traditional molecular biology approach of exploring the
complex networks of interacting cellular components
by focusing on single molecules and reactions.
Technologies to measure genome-wide differential gene
expression at the level of mRNA [3–5] (see also
http://www.gene-chips.com) are extremely popular and
costs are coming down. Methods to profile proteins [6–8]
and metabolites [9–11] are equally important, but are
not yet as widespread as methods to profile gene
expression. These three levels (proteins, metabolites
and gene expression) will be needed for accurate
descriptions of cellular biochemistry at a system, but
important results can be achieved with data from
transcriptomics (differential mRNA measurements).
The reconstruction of gene networks from experimental
(microarray) data to study their dynamics is timely and
important. As mentioned by Loomis and Sternberg [12],
the challenge is to link the genes and their products into
functional pathways, circuits and networks.
A very successful model in biochemistry is a
depiction of relationships between molecules as
networks of interactions. These biochemical networks
can be constructed at several levels and can represent
different types of interaction. Often, ‘pathways’ rather
then networks are referred to when one is interested in
a particular series of interactions. Yet, it is important to
remember that such pathways never exist in isolation
and that they are part of larger networks. Thus,
http://tibtech.trends.com

in systems biology the concept of the pathway might
have relatively little relevance. Several biochemical
networks have traditionally been considered:
(1) metabolic networks represent the chemical
transformations between metabolites; (2) protein
networks represent protein–protein interactions, such
as formation of complexes and protein modification by
signaling enzymes (also known as signaling networks);
and (3) gene networks represent relationships that can
be established between genes, when observing how the
expression level of each one affects the expression level
of the others. Each of these types of network is a
simplification of the complete cellular system, which
we refer to as the global biochemical network to
emphasize that it explicitly includes all three types of
molecule (metabolites, proteins and mRNA). Adoption
of those simplifications for description of specific
phenomena depends largely on which cellular
components were observed experimentally. Thus,
when exclusively monitoring gene expression to study
some phenomenon, one is limited to constructing a
gene network to explain the data.
Figure 1 represents a model of a global biochemical
network in which the three levels are shown explicitly
as planes. In any global biochemical network, genes do
not interact directly with other genes (neither do the
corresponding mRNAs); instead, gene induction or
repression occurs through the action of specific
proteins, which are, in turn, products of certain genes.
Gene expression can also be affected directly by
metabolites, or through protein–metabolite
complexes. However, it is often useful to abstract these
actions of proteins and metabolites, and represent
genes acting on other genes in a gene network (also
called genetic regulatory, transcription or expression
networks). This simplification of going from the global
biochemical network to a gene network is akin to a
projection of all interactions to the ‘gene space’ (Fig. 1).
Traditional molecular biology (molecular genetics in
particular) might have propagated the idea that genes
dictate all that goes on inside a cell. This materialized
in the central ‘dogma’of molecular biology, which
emphasizes that proteins, and consequently
metabolites, are only synthesized when genes are
activated. This ‘dogma’failed to acknowledge that gene
expression is also influenced by the levels of protein
and metabolite. Systems in which there is no feedback
from proteins or metabolites to genes are called
‘dictatorial’[13], but are currently only used
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Fig. 1. An example of a
biochemical network.
Molecular constituents
(nodes of the network) are
organized in three levels
(spaces): mRNAs,
proteins, and metabolites.
Solid arrows indicate
interactions, the signs of
which (activation or
repression) are not
specified in this diagram.
Three different
mechanisms of gene–gene
interactions are shown:
regulation of gene 2 by the
protein product of the
gene 1; regulation of the
gene 2 by the complex 3–4
formed by the products of
gene 3 and gene 4; and
regulation of gene 4 by the
metabolite 2, which in turn
is produced by protein 2.
Projections of these
interactions into the ‘gene
space’, indicated by
dashed lines, constitute a
corresponding gene
network.

conceptually. It is now well established that regulation
is distributed over all levels, and accordingly such
systems are referred to as ‘democratic’[13]. A recent
study quantified how the control of glycolytic flux in
three species of parasitic protist was partitioned
between gene expression and metabolism. It was
concluded that the flux is rarely regulated by gene
expression alone; in a specific case, it was regulated
30% by gene expression and 70% by metabolism [14].
Although this indicates that future studies need to
make more effort to monitor all three levels of regulation,
it is still useful to study gene networks alone.
Why gene networks?

Increasingly, gene networks are being used as models
to represent phenomena at the level of gene expression,
and research on their construction from experimental
data are rife. The gene network model has several
applications and advantages over other approaches:
Gene networks provide a large-scale, coarse-grained
view of the physiological state of an organism at the
mRNA level. The mRNA phenotype can be a very
important representation of cell function, offering
much more precise description than can be achieved
with words [15], even when these words are part of a
controlled vocabulary, such as the Gene Ontology [16].
For instance, if the gene of a certain protein kinase is
linked to genes involved in synthesis of a flagellum,
one could conclude that it has a role on the chemotaxis
signal transduction pathway. In this sense, not only
http://tibtech.trends.com

are gene networks (and especially their graphical
representations) capable of describing a large number
of interactions in a concise way, but also they might
represent the dynamic properties underlying those
interactions at a systems level. Cells exhibit complex
interacting behavior that is usually not predictable
from the properties of individual system components
alone. Gene networks provide such a system view at
the level of gene activities. We propose that gene
networks should be used for describing functions,
and thus become a sophisticated means for annotation
of genomics and functional genomics data.
The detailed molecular mechanisms of how the
products of one gene affect expression of another gene
are often unknown but the effect itself can be easily
observed in gene-expression experiments. It is
therefore appropriate and timely to use genome-wide
gene-expression data to identify gene networks,
an important step towards uncovering the complete
biochemical networks of cells. Research focused on
developing methods for this identification of gene
networks from microarray data are now an important
part of bioinformatics.
Knowledge about gene networks might provide
valuable clues and lead to new ideas for treating
complex diseases. It will aid pharmaceutical research
in prioritizing targets, tailoring drug therapy to the
individual needs of each patient [17], and can form
the basis for rational gene therapy.
Cellular responses and actions are often a result
of coordinated activity of a group of genes. Gene
networks might allow genes to be ranked according
to their importance in controlling and regulating
cellular events. There is a growing indication that
most single-gene mutations do not have marked
phenotypes (most genes in genomes are not of ‘known
function’). Most phenotypes are the result of a
collective response of a group of genes. Gene networks
help rationalize how these complex traits arise and
which groups of genes are responsible for them.
Recent estimates on the number of genes in the
human genome [18] suggest that it is only about twice
that of the Caenorhabditis elegans worm [19] (but see
also [20]). There are several hypotheses to explain this
relative ‘simplicity’ of the human genome. First, the
mean number of proteins encoded by human genes
could be larger than the number encoded by genes in
other genomes [21]. Second, the proportion of
regulatory genes (encoding signaling proteins,
transcription factors, etc.) in the human genome might
be higher than in other genomes. Third, the human
gene network could have a higher mean number of
connections per gene than do other genomes
(which implies that the encoded proteins contain more
binding sites). Both the second and third hypotheses
could be tested by determining and comparing gene
networks of various organisms. Gene networks are
then also well suited for comparative genomics.
Some studies [22,23] indicate that the topology of
gene networks might be largely responsible for the
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robustness shown by living organisms. A particular
gene network topology might have been selected
during evolution to permit the type of system
robustness against drastic perturbations at the genetic
level that is currently observed in many species
(e.g. 40% of the genes of Saccharomyces cerevisiae can
be removed without causing noticeable phenotypes).
Comparative genomics at the level of gene networks
would provide a suitable test of this hypothesis.
Representations of gene networks

Gene networks are models that display causal
relationships between gene activities, usually at the
mRNA level, and are commonly represented by
directed graphs (Fig. 2). The nodes of the graph are
genes and the directed edges are causal relationships
between genes. A widely adopted norm is to use arrow
tips on edges to represent positive interactions, where
an increase in activity of the originating gene causes
an increase in the target gene, and bars on edges to
represent negative interactions, where an increase in
activity of the originating gene causes a decrease in
activity of the target gene. Gene networks can also be
represented through matrices (Eqn 1).
G1
G2
G3
G4
0
0
0  G1
 −1


0.44 0.55 G 2
R =  − 0.4 − 0.92
[Eqn 1]
 0
0
−1
0  G3


0
− 0.14
− 0.92  G 4
 0
The matrix in Eqn 1 was obtained by applying our
method of regulatory strengths [24] to simulated
data. Each column and row of the matrix represents
one gene, and the matrix elements represent causal
relationships. These matrices can be qualitative, in
which positive interactions are represented with the
number 1, negative interactions with the number –1
and 0 for the case of no interaction between genes.
Matrices are also well suited for quantitative
representations, in which case its elements take real
values representing the strength and sign of the
interaction. Graph representations can also express
quantitative values, which are expressed with real
numbers next to the edges to indicate the strength of
the interaction.
An interaction between two genes is said to be
direct if it does not run through any other genes in the
network. For example, in Fig. 2, gene 1 directly affects
gene 2. Gene 1 also affects gene 4, but only in an
indirect way because the effect has to run through
gene 2. Non-additive interactions are those that
require the simultaneous action of two or more genes
(i.e. when each of them alone has no effect and only
together do they become a cause). An example is the
effect of genes 3 and 4 on gene 2 in Fig. 1. Non-additive
interactions are not easily captured in any of the two
representations above. The graph representation
needs to be generalized to hyper-graphs, in which
edges can connect more than two nodes: edges
originate from all the cause genes and end up in the
http://tibtech.trends.com
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Fig. 2. Graph representation of the gene network corresponding to the
biochemical network in Fig. 1. Lines show direct effects, with arrows
standing for activation, and bars for inhibition. The edges implicitly
include the effects of the proteome and metabolome as shown in Fig. 1.
Most genes in gene networks will have a negative effect on their own
concentration because the degradation rate of their mRNA is
proportional to its concentration.

effect gene (Fig. 1). The matrix representation would
equally have to be extended to a higher-order object –
3D or even higher dimensionality matrices. Given that
3D matrices are already very cumbersome to draw and
require large amounts of computer memory, this
representation is not the most appropriate when it is
important to include non-additive effects.
Inferring gene networks from experimental data

Research in gene networks has been geared towards
two major goals: first, to understand the dynamics
and design principles of gene regulation; and second,
to reverse engineer gene networks from experimental
measurements. Activities started with the pioneering
work of Kauffman [25] and then Thomas [26] on
random Boolean (gene) networks. More recently,
the assumption that the topology of gene networks
is random has been called into question, as more
convincing arguments indicate that gene networks
follow a ‘small-world’ topology with a power law
distribution for node connectivities [27,28]. Research
into the dynamics and structure of gene networks is
still active and fruitful. However, in the past five
years or so, the majority of research in gene networks
has focused on methodologies for reconstructing gene
networks from experimental observations, perhaps
owing to the abundance of microarray data.
Many interactions between genes have been
discovered through traditional molecular biology
approaches. Gene networks can be obtained by
combining knowledge about these interactions.
The GeNet database [29] (http://www.csa.ru/Inst/
gorb_dep/inbios/genet/genet.htm) is a convenient
electronic repository for such information.
Ideker et al. [30] constructed a gene network of
348 genes of S. cerevisiae based on information of
2709 protein–protein interactions [31,32] combined
with 317 known protein–DNA interactions collected
from the databases TRANSFAC [33] (http://transfac.
gbf.de/TRANSFAC) and SCPD [34] (http://cgsigma.
cshl.org/jian/). In a similar way, a network of
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ten genes was proposed for the control of flower
morphogenesis in Arabidopsis thaliana [35].
Experimental data of mRNA levels obtained with
the use of high-throughput technologies are now
abundant. These are snapshots of the molecular state
of cell populations at the transcript level and are rich
in information about gene networks. It seems logical
that these data are the best to uncover gene networks,
and indeed this strategy is presently the most widely
adopted, with several methods available for this
purpose. This process of establishing cause–effect
relationships between genes on the basis of observed
expression levels is referred to as ‘reverse
engineering’ and is a traditional inverse problem.
Several approaches have been proposed for inferring
gene networks from experimental data. These have
already been reviewed in some depth [36,37], but it is
useful to repeat here their main characteristics.
A popular method used for gene-expression data
analysis, sometimes called ‘guilt by association’,
assumes that genes with similar expression patterns are
functionally related to each other. These associations are
usually explored with the use of clustering algorithms
[38] and principal component analysis [39]. Although
in widespread use, this method is not really
appropriate to uncover gene networks. It might work
when the underlying networks are modular (i.e. with
small number of connections). However, it would
provide ambiguous results when applied to heavily
connected networks, and is therefore not generally
useful for this purpose. Other methods are based on
more sophisticated statistical analysis [40], including
Bayesian belief networks [41–43] and pair-wise
correlation methods [44]. Often such methods are aimed,
not necessarily at providing a detailed reconstruction
of the network, but rather, at the extraction of
maximum of information from a set of noisy
measurements. In general, measuring correlations is
not sufficient to infer causality between genes.
Several methods exist that rely on the simplification
of considering genes to be either expressed at a fixed
rate, or not at all [25,45–47]. These methods also
consider time to be a discrete process, and have rules
that govern whether genes are on or off at a given time
step, based on the values taken by the genes at the
previous time step. Boolean approaches suffer from
their inability to capture intermediate levels of gene
expression, and can easily generate spurious results
owing to their discrete nature [48].
More challenging, but potentially more accurate
representations of gene networks use continuous
functions, in which expression levels are allowed to
take any positive value. These approaches are
mathematically implemented by difference or
differential equations, either linear or nonlinear.
In linear additive models, the expression level [49,50]
of each gene transcript depends linearly on the
expression level of other genes. Each interaction is
characterized by one parameter that is positive for
activation, negative for inhibition, or zero for no
http://tibtech.trends.com

interaction. More realistic, but also more difficult
approaches use nonlinear kinetics to represent the
rates of transcription, such as neural network-like
sigmoidal functions [51] or empirical rate laws similar
to those of enzyme kinetics [2]. In both cases, nonlinear
optimization methods are used to fit the model
equations to the observed data. The use of nonlinear
kinetics is handicapped by requiring larger amounts of
data than do linear or Boolean methods, but have the
advantage of much greater predictive power.
A graph theoretical approach has been proposed to
analyze gene-expression data obtained from null
mutants [52]. This method is promising because it uses
the most abundant type of data currently available.
Unfortunately, it would not possible to distinguish
between different gene networks of the same class, so
the most parsimonious network must be adopted [52].
However, evidence from molecular biology suggests
that the underlying gene networks will not necessarily
be parsimonious. In addition, this approach is only
applicable to acyclic graphs, a feature common with
Bayesian belief networks [41,42]. Nevertheless, there is
plenty of evidence that it is common for gene networks
to have circular dependencies (gene A affects gene B but
gene B also affects gene A) that originate from feedback
loops (Becskei and Serrano highlight the importance of
feedback loops in this context [53]).
In a recent approach, the gene network determining
sea urchin development was proposed [54]. The
approach was to knock out single genes and measure
the response of the whole network. The authors
considered that the perturbation data in itself was not
sufficient to distinguish between direct and indirect
effects (in contrast to what was proposed by
Wagner [52]). However, using previous knowledge
about cis-regulatory elements in this genome [55], a
network specified by direct effects was proposed. Genes
were taken to be directly affected if they responded in
an experiment in which a certain transcription factor
was perturbed and they also contained the specific
target sites of that transcription factor in their
cis-regulatory elements. Similar approaches correlate
gene-expression data with the DNA sequence at gene
promoters, allowing the discovery of new transcription
regulatory elements [40,56].
We have proposed, in a separate publication [24],
pa method based on systematic perturbation of gene
transcription rates and microarray measurements to
infer the underlying gene networks. The method itself
is based on developments from metabolic control
analysis, particularly co-response analysis [57,58]
and regulatory strengths [59]. Briefly, the method is
capable of identifying and quantifying direct
interactions between genes, requiring several
experiments equal to the number of genes considered
in the analysis (c.f. with most other methods
described here that require more experiments).
A conclusion that arises from the descriptions in
this section is that many more experiments are
needed to infer gene networks with high accuracy.
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Furthermore, methods that are based on specific
experimental designs [24,52] are expected to perform
better than are those that disregard how the data
were obtained (e.g. most applications of clustering).
Connectivity of gene networks
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Gene networks only describe dynamics of gene
activity. However, the interactions on the proteome
and metabolome levels are implicitly present in gene
networks, because the dynamics of gene activity
depends on them. Presence or absence of interactions
in a gene network is determined by the kinetic
properties of each step along the path of interaction
that passes through the proteome and metabolome.
If a certain step along that path is kinetically
saturated, the interaction will not be revealed in the
gene network. Many of the interactions will reveal
themselves only in certain physiological states and so
all gene networks are phenomenological models.
Connectivity of gene networks might have
important functional consequences. How dense are
gene networks? Several authors [25,26,51,52,60]
argue that gene networks are sparsely connected.
However, there are plenty of arguments that indicate
the opposite. First, because genes are connected by
metabolic networks, if a certain metabolite affects the
rate of transcription of a certain gene, then other
genes encoding enzymes that have some level of
control over that metabolite will also appear to
interact with the gene in question. Second,
transcription of all genes depends on metabolic
energy, which implies that all genes are affected, to
some extent, by genes that encode energy-metabolism
enzymes. Similarly, all genes can be said to depend on
the genes encoding for nucleotide metabolism
enzymes. Third, when (and if) RNA polymerases exist
in low concentrations, interactions between any two
genes could develop by competition between their
polymerase-binding sites for the few polymerase
molecules. In this circumstance, increased expression
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Genetically tailored grapevines for
the wine industry
Melané A. Vivier and Isak S. Pretorius
Grapevine biotechnology is one of the most promising developments in the
global wine industry, which is increasingly faced with conflicting demands
from markets, consumers and environmentalists. In the grapevine industries,
this technology and its supporting disciplines entail the establishment of stress
tolerant and disease resistant varieties of Vitis vinifera, with increased
productivity, efficiency, sustainability and environmental friendliness,
especially regarding improved pest and disease control, water use efficiency
and grape quality. The implementation and successful commercialisation of
genetically improved grapevine varieties will only be realized if an array of
hurdles, both scientific and otherwise, can be overcome.
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Economically, the grapevine constitutes the most
important fruit species globally and has been linked
http://tibtech.trends.com

to agricultural and religious activities in the earliest
writings and chronicles. This ancient species has
evolved from a bushy, sun-loving plant to a trailing
climber. The grapevine has been domesticated with
ease, giving rise to ~8 million hectares of intensely
pruned and manicured grapevines that are typical of
vineyards across the world [1].
When considering the necessity and possible impact
of plant biotechnology on the wine industry, it is
imperative to consider the long-term objectives of the
wine industry. From the production and resources
perspectives (which are the only ones discussed here),
several key issues should be considered. In the end, the
overriding question will always be whether a vineyard
and its derived products are economically viable.

0167-7799/02/$ – see front matter © 2002 Elsevier Science Ltd. All rights reserved. PII: S0167-7799(02)02058-9

