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Abstract

Cells efficiently carry out organic synthesis, energy transduction, and signal processing across a range of environmental condi-
tions and at nanometer scales—rivaling any engineered system. In the cell, these processes are orchestrated by gene networks, which
we define broadly as networks of interacting genes, proteins, and metabolites. Understanding how the dynamics of gene networks
give rise to cellular functions is a principal challenge in biology, and identifying their structure is the first step towards their control.
This knowledge has applications ranging from the improvement of antibiotics, the engineering of microbes for environmental reme-
diation, and the creation of biologically-derived energy sources. In this review, we discuss several methods for the identification of
gene networks.
� 2005 Elsevier Ltd. All rights reserved.
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1. Introduction

The investigation of cells from a systems-level perspec-
tive is a recent trend, motivated by parallel advances in
computational technologies and experimental methods.

The two central tenets of molecular biology are that
(i) genes, the fundamental units of heredity, are encoded
as sequences of chemical bases in DNA and (ii) a gene is
expressed when its DNA sequence is transcribed into an
RNA intermediate and, through directed synthesis of
amino acids, is translated into a protein. Proteins in turn
possess most of the catalytic, mechanical, electrical and
other properties needed to execute cell functions (Fig. 1).

For much of the 20th century, genes1 have been stud-
ied in isolation. The dominant perspective in molecular
biology viewed genes as independent units of heredity,
activity, and function. Mendel�s original ‘‘one gene,
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as a DNA sequence, its RNA intermediate, and its protein product.
one trait’’ thesis was given a biochemical basis when
Beadle and Tatum posited their ‘‘one gene, one enzyme’’
doctrine [1]. This principle connected the unit of genetic
information, the gene, with a unit of cellular function, a
protein (enzymes are proteins).

This discovery motivated much of the work of classi-
cal genetics which continues up to the present, whereby
a gene�s function is characterized by observing organ-
isms with a mutated version of that gene. Genetics
spawned the field of genomics where the lens was shifted
from genes to whole genomes. In the last two decades
the new technologies of genomics have revealed the full
DNA sequences of increasingly complex organisms
from microbes, worms, fruit flies, and on upward to
mice and humans.

These completed genomes, along with years of
genetic characterization, have provided a ‘‘parts list’’
for many organisms. But by viewing each gene more
or less independently of others, these lists describe
neither how these parts work together, nor how net-
works of genes cooperate in complex functions [2].
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Fig. 2. Examples of gene regulation. (A) Proteins (known as
transcription factors) bind to DNA, influencing the transcription of
nearby genes. (B) Proteins bind to other proteins, to become active
complexes. (C) Proteins bind metabolites, which modulate their
activity (for example, as transcription factors).
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Fig. 1. Schematic illustration of gene expression, the ‘‘central dogma’’
of molecular biology. Genes encoded as sequences of DNA bases are
transcribed into RNA transcripts, which are the template for the
directed synthesis of amino acids into proteins. Multiple transcripts
can be produced from each gene, and multiple proteins from each
protein.
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Fortunately, there is another perspective in molecular
biology which views genes as being inter-dependent and
inter-regulated, and has its roots in work done on bacte-
rial phages by Jacob and Monod [3]. These early studies
revealed that the expression of a gene coding for a sim-
ple sugar enzyme was subject to a sophisticated control
system, and depended on the expression of other genes
and biomolecules. Gene regulation has since been found
to contribute to most processes in cells.

The process of gene expression allows for control at
many levels. It can be altered by changing the rate of
transcription into RNA, by stalling the process of its
translation into protein, or even by cleaving the final
protein product into pieces. Cells have evolved to use
all of these mechanisms and more, but regulation of
transcription is the most common. Transcription factors
are an entire class of proteins involved in binding DNA
to regulate this process.

Gene, proteins, and metabolites regulate one another
in myriad ways (Fig. 2). Proteins bind to DNA to influ-
ence the transcription of nearby genes. Proteins also act
on one another directly, mediating the addition of cata-
lytically important chemical groups like phosphates, or
combine to form multi-protein complexes that act as
nanoscale machines, for example unzipping DNA or
cleaving RNA. Metabolites can also bind to proteins
and alter their activity.

Experimentally, it is often difficult to determine at
what level gene regulation is occurring. Moreover, genes
are typically embedded in vast networks of regulatory
interactions [4–6]. Identifying which genes regulate each
other and how they regulate each other is an outstand-
ing challenge.
Below, we survey some existing experimental and
analytical approaches for gene network identification,
and a few promising applications of this technology.
In particular, we focus on methods for decoding how
these networks regulate RNA expression. Although
much work been done on the modeling of metabolic net-
works [7,8], it is not the focus of this review.
2. Methods for gene network identification

Identifying the structure and dynamics of gene net-
works requires both experiment and analysis. Experi-
mental observation employs a variety of chemical
techniques to investigate the inner state of a cell, such
as DNA sequencing, mass spectrometry, and labeling
with fluorescent dyes. These techniques can be used,
respectively, to sequence the DNA to which a transcrip-
tion factor proteins bind, to identify proteins which are
bound to other proteins, and to measure how concentra-
tions RNA or proteins (both metrics of gene expression)
change across conditions.

Determining protein–DNA and protein–protein com-
plexes in the cell are examples of a physical approach to
network identification [9]. It identifies physical interac-
tions in a cellular network at a given time and condition.
A key advantage of these approaches is that they pro-
vide direct evidence for a regulatory interaction; if a pro-
tein binds to the DNA sequence of a gene, it probably
regulates the transcription of this gene. By themselves,
however, physical approaches cannot reveal the func-
tional nature of an interaction. It cannot reveal whether
the binding of a transcription factor protein to a gene�s
DNA sequence has an activating or inhibiting effect on
that gene�s transcription.

An alternative to this physical approach is to construct
‘‘influence’’ models of gene networks [9], approaches,
which seek to model causal relationships between RNA
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transcript changes. The causal relationships may or may
not correspond to true molecular interactions.

A chemical assay known as a microarray uses fluores-
cent labeling to measure the RNA concentrations of all
the genes in a cell in a single experiment. A microarray
consists of thousands of distinct chemical probes, each
specific for a gene�s RNA, arranged on a silicon or glass
substrate the size of a coin. When the total RNA from
an experiment is fluorescently-labeled and washed over
it, and the chip is illuminated, each probe will fluoresce
according to how much labeled-RNA is bound. Thus
the fluorescence pattern on the chip provides a global
picture of gene expression for a given experiment. Un-
like approaches that measure physical binding interac-
tions between molecules, microarray experiments only
provide indirect evidence for gene interactions.
B unknown inputs
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Fig. 3. An illustration of supervised and unsupervised learning. (A)
Supervised learning of a gene expression input function, where geneY is
a function of the expression of a transcription factor, geneX. The chosen
model structure is a Hill function, and the parameters to be learned are h
and n. (B) In unsupervised learning, where no knowledge of the input (or
conditions) is known, clustering reveals only sets of related conditions.
2.1. Network inference via supervised and unsupervised

learning

The strategies used for network inference in biology
often rely on a form of supervised or unsupervised learn-
ing. Supervised learning approaches have alternately
been called machine learning and system identification,
but they are all examples of parameter estimation, where
a set of known inputs are matched to desired outputs.
By contrast, in unsupervised learning approaches the in-
puts to the system are unknown, and the inference task
considers only relationships among the set of outputs.
Linear regression is an example of supervised learning,
while clustering is an example of unsupervised learning.

In a commonapproach applying supervised learning to
gene network inference, a set of genes are perturbed by
varying their expression [10–12]. The response of the net-
work is observed—in terms of changes in the expressionof
all its genes—over many time-points or at a single point
when the system is thought to have settled back to a
(possibly new) steady state. The gene perturbations are
the known inputs, and the learning task is to identify a
model and parameters for which these inputs match the
observed changes in gene expression within the network
(Fig. 3A).

In supervised learning, a model structure must be
chosen to represent the gene network. As we will discuss,
a wide variety of models have been applied to gene net-
works. The choice of model is informed by knowledge of
the system (such as the physical kinetics of gene regula-
tion), the kind of experimental data available, and by
the research questions of interest. The learning process
attempts to estimate parameters of the model by mini-
mizing the error between model predictions and experi-
mental data. Nonetheless, because no model is a perfect
representation of reality, even the best-fitting models
will include error resulting from limitations of the model
and experimental noise. Once a network model�s para-
meters are estimated, it can be used to make predictions
about a network�s behavior under untested conditions.

In unsupervised learning, only the outputs of the sys-
tem under study are observed. In the study of gene net-
works, this is often the case. A typical experiment may
observe the expression states of genes across a set of dif-
ferent conditions (such as stages of the cell cycle), but
the inputs driving cells into each of these conditions
are unknown. A variety of unsupervised approaches
have been applied to identify common patterns in the
expression of genes, including k-means clustering and
singular value decomposition [13–15].

A natural goal of clustering is to identify groups of
genes that appear to belong together. In a simple exam-
ple of k-means clustering [13], one begins with expression
measurements for genes in a single condition (these can
be thought of as points scattered along a line). If we
group these points into k sets, selecting a grouping whose
centers (means) are closest to all points, we have achieved
a k-means clustering (Fig. 3B). Stated formally, k-means
clustering finds a partitioning that minimizes the sum:

D ¼
Xk

j¼1

X

i2Gj

jxi � gjj
2

where xi is a point and gj is the center of partitionGj. This
clustering method extends easily into higher dimensions,
where each gene has expression measurements for multi-
ple conditions.



Fig. 4. The quantitative relationship between the concentration of a
regulator gene and the expression of a regulated gene can be
represented as a function surface f, e.g., the line, curve, and surface
in panels A(i), A(ii) and B. A small number of experimental points can
fully define simple surfaces such as the line in panel A(i). (Data points
in the figures represent experimental measurements of the input/output
relationship, which are noise-free for illustration purposes.) But a
larger number of experimental points are needed to fully define more
complex input/output relationships such as the curve in panel A(ii). In
panel A(ii), 5 points are adequate to define relationship for a single-
gene input, but for two inputs (B), 52 = 25 points are needed to sample
the two-input surface as densely as the one-input surface.
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Clustering approaches can reveal genes that trend to-
gether across conditions; the assumption is that highly
correlated groups of genes are responding to a common
regulatory input. But without further knowledge about
the network, this regulatory input remains unknown.

In gene networks, these regulatory inputs are often
transcription factors; a cluster of genes sharing an expres-
sion patterns are often the target of the same transcription
factor protein. Thus, some unsupervised methods exam-
ine the DNA sequences of genes in a cluster to identify
if there are statistically significant ‘‘motifs’’, or sequence
patterns, that represent the binding site for a common
transcription factor. If identified, this method can predict
causal connections between a transcription factor and a
group of genes. When applied on a larger scale, this
method can identify the transcriptional regulatory net-
works which are active for a given set of conditions
[16,17].

The application of supervised learning to gene net-
works, on the other hand, is more recent and the
remainder of our review will focus on such methods.
There are two principal challenges in applying super-
vised learning to gene network inference: (i) the selection
of the model structure and (ii) the computational scheme
used to estimate parameters. The most important of
these is the selection of the model structure, because it
influences and ultimately determines the utility of the
approach in practical applications.

2.2. Simplifying complexity

It is often presumed that in order to understand cell
function at a ‘‘system level’’, it is necessary to build
expansive computational models that integrate much
of the nature of the physical details of gene, protein
and metabolite interactions in a cellular network. But
such a goal is probably unrealistic both computationally
and experimentally—cells are too complex. Somehow,
the physical interactions must be translated into a sim-
plified model that still preserves properties of the net-
work relevant to a particular application or objective.

The representation of a network or other system by a
simplified model is sometimes called smoothing. In a
sense, each interaction function in the network can be
represented as a surface (Fig. 4), and the details of the
biochemistry are like bumps or wrinkles on the surface.
Model simplifications ignore these bumps, but still cap-
ture the general shape and curvature of the surface. As
the complexity (roughness) of a model representation
increases (and hence its ability to describe the details),
so does the amount of data needed to describe it. Thus,
there is a trade-off between model scope and realism
(complexity) and experimental/computational tractabil-
ity. This trade-off is exaggerated in multivariate systems
(which are the norm in biology). The amount of data
needed increases exponentially with the number of
dimensions in the system. This problem is sometimes
referred to as the curse of dimensionality and is illus-
trated in Fig. 4. To make the inference of high-dimen-
sional systems tractable, we must use simplified models
of input/output relationships, such as a hyperplane or
Boolean function. However, such approximations may
limit the range of questions addressable by the model.

The choice of model type and simplicity depends on
several factors including the nature of the system being
studied, the properties that are desired to be studied,
and the type and amount of data that can be collected
[18]. This choice is the major challenge in applying sta-
tistical learning to gene networks.

2.3. Model classes of gene networks

Here we discuss three types of model classes: Boolean
functions, Bayesian networks, and systems of ordinary



Fig. 5. An idealized three-gene network, with regulatory interactions
represented by edges.
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differential equations. Each model is illustrated using the
simple gene network illustrated in Fig. 5. In each model,
the states of the genes (e.g. the concentration or activity
of RNA or protein) are represented by the variables X1,
X2, and X3.

2.3.1. Boolean models

Boolean models are among the simplest models of
gene networks, where the observed expression of genes
in the network is considered to be only ‘‘on’’ or ‘‘off’’.
They are often employed when the research question
under investigation is not concerned with the dynamics
of transitions between ‘‘on’’ or ‘‘off’’ states of gene
expression [19]. The learning task is to identify, often
through perturbing genes into the ‘‘off’’ state (known
inputs), the logical functions which describe the result-
ing overall state of the gene network.

For example, in research on the developmental net-
work for the sea urchin, a series of genes were systemat-
ically deleted from the organism, and based on the
observed responses of the full network, the logical cir-
cuitry of the network was inferred [10]. This work
showed that gene transcription is controlled by complex
combinatorial logic, driven by combinations of proteins
(transcription factors) binding to DNA and regulating
the transcription of genes.

In our illustrative network, based on systematic dele-
tion of genes X1 and X2 (inputs) and experimental obser-
vation of X3 (output), we might infer that X3 is a
Boolean AND function of X1 and X2.

X 3 ¼ X 1 ^ X 2

In larger gene networks, the task of identifying the log-
ical functions is less than trivial, as the number of exper-
iments (inputs) formally required for n genes in a
network grows as O(n2). This requirement can be greatly
reduced, however, if a subset of genes (usually transcrip-
tion factors, as described previously) is considered to
drive the behavior of the network.

Researchers have employed two primary strategies to
learn the logical functions in Boolean networks. The first
strategy computes themutual information between sets of
two or more genes and tries to find the minimal set of
input genes that provides complete information on the
output gene [20]. The second approach looks for the min-
imal set of input genes whose expression changes are con-
sistent with a gene�s observed output states [21,22].

2.3.2. Bayesian network models
Bayesian networks are used to model regulatory

interactions between genes as probabilistic relationships.
In such a network, the expression level each gene is rep-
resented as a continuous random variable. The proba-
bility density function (PDF) for that random variable
is assumed to be conditionally dependent upon the con-
centration of other genes in the network.

In the Bayesian framework, the task of reverse engi-
neering the network is to identify the weights of these
dependencies. These parameters are typically learned
from large data sets, but occasionally some of these
parameters may be supplied as prior information. In
our example network of Fig. 5, we would hope to dis-
cover a joint probability density function showing that
X2 is dependent on X1, whereas X3 depends on both
X1 and X2. To aid the estimation of these relationships,
the joint probability of all gene in the network is broken
into the product of conditional probabilities which are
then estimated. In our three-gene network, this joint
probability can be expressed as

P ðX 1;X 2;X 3Þ ¼ P ðX 1ÞPðX 2jX 1ÞP ðX 3jX 2;X 1Þ

Further simplifying assumptions, such as using discrete
random variables with just two states (corresponding
to a gene�s being ‘‘on’’ or ‘‘off’’ as in Boolean models),
or limiting the number of edges in the network can sim-
plify the inference task and reduce the requirements for
experimental data.

The probabilistic structure of a Bayesian network en-
ables straight-forward incorporation of prior informa-
tion via application of Bayes rule [23], and thus one
can augment an incomplete data set with such prior
information. A disadvantage of Bayesian network mod-
els is that they cannot include cycles, corresponding to
feedback, which is a common property in gene networks.

The network structure is usually determined using a
heuristic search, such as a greedy-hill climbing approach
or Markov chain Monte-Carlo [23] method. For each
network structure visited in the search, an algorithm
learns the maximum likelihood parameters for the con-
ditional distribution functions. It then computes a score
for each network using the Bayes information criteria
[23] or some other metric that measures the overall fit
of the model to the data. One may then select the high-
est-scoring network as the correct network.

The development of Bayesian inference methods for
gene networks has received considerable attention in
recent years, and has been applied successfully to exper-
imental expression data to identify regulatory links in
gene networks [24–27].
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2.3.3. Ordinary differential equation models

Systems of ordinary differential equations present a
natural and semi-physical model for regulatory gene net-
works [28,29]. Unlike the previous models, ordinary dif-
ferential models describe the kinetics of gene expression
as functions. Inferring the network is a matter of identi-
fying the parameters or coefficients of these functions.

In the illustrative network of Fig. 5, an ordinary dif-
ferential model might describe the behavior of the sys-
tem as:

dx1
dt

¼ f ðEÞ ð1Þ

dx2
dt

¼ f ðx1Þ ð2Þ

dx3
dt

¼ f ðx1; x2Þ ð3Þ

Here x1, x2, and x3 represent RNA concentrations
which, as before, are considered a measure of gene
expression. The concentration of x1 is considered a func-
tion of some external variable E, while the rates of
change for x2 and x3 are modeled as functions of their
regulators.

Introducing constraints on the system can reduce the
number of experiments required to learn the parameters
of the model. For small networks such as this example,
it may be possible to infer parameters of a non-linear
differential model that faithfully captures non-linear
properties of the system from experimental data. How-
ever in larger networks, using existing experimental
technologies, this task quickly becomes impractical;
the data requirements for estimating many parameters
are too large. An additional challenge is that most nat-
urally occurring gene networks are multistable [30,31].
These additional states can be difficult to distinguish
experimentally.

To deal with the model complexity of large-scale gene
networks, one approach is to examine only the dynamics
around a single stable state, in which the cells under
observation are assumed to lie. This enables one to
approximate the gene network with a simplified model
that describes the system response to perturbations
around a given steady state. For example, in our work
in E. coli we employed a linearized model of a nine-gene
network [12]. This linearized model represents the first
term of a Taylor expansion of the full non-linear repre-
sentation of the system.

d�x
dt

¼ A�xþOð�x2Þ ð4Þ

Near this steady state, the higher-order terms can be ig-
nored. Qualitatively, the remaining A matrix represents
the regulatory influences of the genes upon one another.

In a supervised learning framework, the learning task is
to infer the coefficients ofA.Generally speaking, the num-
ber of experiments required for this estimate scales line-
arly with the size of the network. The introduction of
further constraints, such as the assumption that most of
these coefficients are zero (representing the biological real-
ity that most genes interact with just a few other genes),
can further reduce the requirement for experiments.

As we show below, this approach can be used success-
fully to identify certain properties and features, but must
be applied with caution because (1) it is specific to a par-
ticular state of the cells under study and (2) it does not
capture the non-linear aspects of the system. In particu-
lar, perturbations to this system must be small enough
so that these non-linear effects are not too large.

We have developed a method based on a linear model
of the network and have used it to correctly infer a model
of regulation in E. coli controlling DNA damage
response and repair [12]. We have shown this model can
correctly identify regulatory features and predict behav-
iors of the network. These results are presented briefly.
3. Network inference via multiple regression (NIR)

In our inference method, called network identification
via multiple regression (NIR) gene interactions are repre-
sented by an ordinary differential model structure. The
rate of synthesis of RNA from each gene is represented
as a function the RNA concentrations of the other genes
in the network, as described above (Fig. 6).

Experimental data are collected by artificially increas-
ing the level of RNA for individual genes in the net-
work. This perturbation can represented by a vector of
RNA concentrations, �u, which is added to the system
at steady state.

d�x
dt

¼ A�x� �u ð5Þ

The system re-settles, d�x=dt goes to zero, and at its new
steady state, A�x ¼ �u. The vector �x describes the shift in
RNA concentrations away from the initially observed
steady state; this is the observed response of the network
to the perturbation. After enough perturbations, the
coefficients of A are identified via multiple regression
of the measured RNA concentrations against the known
perturbations.

We tested the NIR method on the SOS response net-
work in E. coli. This network directs the maintenance
and repair of genetic information in E. coli in response
to DNA damage. When DNA is cleaved by ultraviolet
light, this is sensed by proteins which bind to the broken
fragments, signaling the expression of over 20 other
genes, some of which are involved in mending the breaks
of DNA�s double-helical strands. The role of networks
like this one is to integrate a variety of environmental
stimuli and produce an appropriate response in terms
of the expression of genes; in this case, structural genes
required by the cell to survive. As the SOS network is



Fig. 6. Overview of the NIR method. (A) A structured set of
perturbations is delivered to cells, such as the overexpression of one
or more genes in each experiment. (B) Gene expression (or, if possible,
protein and metabolite activity) is measured for all genes in the
network. (C) This data set is analyzed by the NIR algorithm to infer a
model of the perturbed network. (D) The resulting model may then be
used for analysis and prediction of network function.

Fig. 7. Inference of E. coli subnetwork using the NIR method. (A)
Previously known connections of the nine-gene subnetwork of the
E. coli DNA damage response pathway. (B) The connections identified
by the NIR method. For visual clarity, strengths and directions of the
identified connections are not labeled. (C) The model is used to
calculate the mean influence of each gene on expression changes in the
other genes. The model identifies recA and lexA as the principal
regulatory nodes in the network, which is consistent with existing
knowledge. (Reproduced with permission from [12].)
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well described in the literature, it serves as a good net-
work for validating the NIR method.

As a starting point, we applied the NIR method to a
nine-gene subset at the core of the network. We used an
extra copy of each gene to individually alter each gene�s
expression in nine separate experiments, and we mea-
sured the resulting changes in RNA concentrations.
The NIR method was able to correctly identify 25 of
the previously identified regulatory relationships be-
tween the nine genes, as well as 14 relationships that
may be novel regulation pathways or possibly false
positives (Fig. 7). Moreover, the network model obta-
ined by the NIR algorithm correctly identified the recA

and the lexA genes, the known principal regulators of
the SOS response, as having the strongest influence
(largest regulatory weights) on the other genes in the
network (Fig. 7C). Thus, the model can be used to
suggest which genes should be perturbed to elicit a
maximal response from the network—a capability of
great value in optimizing bacteria for environmental
remediation or bio-production of compounds.



Fig. 8. Prediction of genes mediating response to three different
stimuli. The previously recovered SOS network model was used to
predict the mediators of expression responses following UV irradiation
and treatment with two antibiotics. An independent set of expression
data were obtained from public microarray data sets [32] and treated
as a known output response. The NIR model was then used to predict
the unknown inputs (perturbations) to the SOS network. In the case of
UV irradiation and pefloxacin treatment, both DNA-damaging, the
recA gene is correctly predicted as the mediator of the expression
response. For novobiocin, which does not damage DNA, recA is not
predicted as the mediator of the expression response. Lines denote
significance levels: P = 0.3 (dashed), P = 0.1 (solid). (Reproduced with
permission from [12].)
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The network model obtained by the NIR algorithm
was also used to identify the genes that mediate the net-
work response to a particular stimulus. To assay the re-
sponse of E. coli to various stimuli, the model was
applied to a publicly available set of microarrays. As
illustrated in Fig. 8, the network model correctly identi-
fies the recA gene as the key mediator of the SOS net-
work response to UV irradiation and treatment with
the quinolone antibiotic pefloxacin (both cause DNA
damage), but not to novobiocin treatment (a quinolone
that does not cause DNA damage).
4. Future work

While the development of models for gene network
inference has been extensive, experimental evaluation
of these methods has been limited. The approaches de-
scribed herein must be rigorously tested against existing
data sets to determine where they perform best, and how
they should be applied.

The existing data sets for gene expression are them-
selves limited by current experimental technologies.
Inference methods have generally been applied only to
RNA concentration data, because genome-wide mea-
surements of protein concentrations, protein activity
states, and metabolite concentrations are still difficult
to obtain. The networks inferred from RNA concentra-
tion data cannot capture, except indirectly, regulation
occurring at these layers.

Though still young, a variety of promising technolo-
gies are available for genome-wide profiling of proteins
and metabolites, including mass-spectrometry, high-res-
olution electrophoresis, and protein microarrays. With
these emerging technologies, it will soon be possible to
use inference algorithms to explore the dynamic and
quantitative properties of protein signaling cascades
and metabolic networks.

The future applications of network identification are
broad, even at the level of microbes. Microbes can be
used for bioremediation at contaminated waste sites;
harnessed to generate an electric current or produce
pure hydrogen gas for renewable energy; or prevented
from forming biofilms, such as those involved in surgical
infections. Identifying the gene networks underlying
these processes is the logical first step towards their opti-
mization and control.

As research technologies mature and experimental
data becomes available, we expect inference methods
will continue to prove valuable in analyzing and predict-
ing the behavior of gene regulatory networks [33]. This
capability will be of tremendous value in understanding
the mechanisms by which such networks mediate, distin-
guish and integrate environmental signals in microbes
and higher organisms.
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