A guantitative method for reverse engineering gene
networks from microarray experiments using regulatory
strengths.

Alberto de la Fuente
Virginia Bioinformatics Institute
Virginia Polytechnic Institute and
State University
1750 Kraft Drive, Suite 1100
Blacksburg, VA 24061-0477

alf@vbi.vt.edu

ABSTRACT

We propose a method for reverse engineering gene regulatory
networks from microarray gene expression data. The method is
based on metabolic control analysis and requires data from
microarray gene expression experiments where the rate of change
of a single gene has been perturbed. Gene regulatory interactions
are quantified through “regulatory strengths’ which are
determined from co-responses of messenger RNA to a common
perturbation. The application of the method is illustrated by
analyzing data produced with computer simulations of gene
regulatory networks. Evidence is shown indicating that the
method performs well in some cases even when perturbations are
as large as two-fold. A global gene regulatory network can be
uncovered by this method if applied systematically to all genesin
a genome. Alternatively, it can be applied to a subset of genesin
which case it identifies a phenomenological gene network that
contains, beside direct interactions, contributions from indirect
interactions (via the genes that were not considered or complex
formation of the gene products). Supplementary materias are
available at http://www.vbi.vt.edu/~mendes/icsb01-supp.html

1. INTRODUCTION

Functioning of living systems is partially orchestrated, at the
molecular level, by selective expression of genes of a genome.
Expression of genes is modulated by specific proteins (activators
and/or inhibitors) and metabolite effectors, which are gene
products themselves. One can thus consider networks of genesin
which some genes modulate the expression of others — gene
regulatory networks. Uncovering such networks is essentia to the
understanding how the biological machinery of cells works and
consequently to manipulate it to our advantage.

Microarray [41] and DNA chip [33] technologies have enabled
high-throughput monitoring of gene expression on a genome-wide
scale [eg. 8, 9, 12, 23, 30, 40, 46, 47] and are being used with
increasing frequency [4]. Analysis of microarray gene expression
data is a rapidly developing field with a number of different
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methods in current use. The majority of these focuses on
identifying the function of open reading frames (ORF) by
following a logic of “guilt by association”, and are based on
grouping genes by their expression pattern [5, 15, 38, 43, 48]. A
second class of analyses attempts to model the dynamics of gene
expression as observed in time-course experiments with
microarrays [7, 14, 24, 45] and is based on fitting a model to
(relative) mRNA time courses. A third class of agorithms
attempts to reverse engineer networks of relationships between
genes. Most have done so in a quditative way, as for example
using Boolean networks where transcription is represented as all-
or-none [1, 32]. Methods of analysis for genome-wide gene
expression were reviewed recently by D’ Haeseleer et al. [13].

Gene regulatory networks are high-level  conceptual
representations of interactions between genes in an organism.
They are usualy represented as directed graphs in which each
gene is connected to a number of other genes whose expression it
modulates (see Fig. 1). Gene networks hide a great dea of
biochemica detail, such as al proteins and metabolites. Thus
gene networks represent behaviors that result from thousands of
hidden variables and therefore should not be expected to be
predictive for conditions far from those used to build them.
Nevertheless, gene networks can be an excellent means of
summarizing experimental gene expression results and of helping
us reason about complex cellular phenomena.

Metabolic Control Analysis (MCA), derived from the work of
Kacser and Burns [27] and Heinrich and Rapoport [18], is a
quantitative formalism that alows one to establish the extent to
which individual biochemical reactions control cellular variables
such as pathway fluxes and concentrations of biochemical
compounds. MCA is a sensitivity analysis of steady states
providing measures of how parameter perturbations affect the
variables. This is, in its most basic form, done via the flux- and
concentration-control coefficients, which are ratios of the relative
change in flux or concentration to the relative change in the
parameter (the perturbation). Control coefficients are systemic
properties and depend on the properties of all the components of
the system, not only on the one they are related to. MCA provides
a means of relating these systemic variables to the kinetic
properties of each single reaction, which are expressed as
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elasticity coefficients [6]. Of particular relevance here is the fact
that the matrix of elasticity coefficients can be calculated from a
matrix of control coefficients essentially by inversion [39]. The
reader is encouraged to consult the extensive literature on MCA
for further details[10, 11, 16, 17, 19, 20].

Here we propose a method for reverse engineering gene
regulatory networks from steady state relative gene expression
data. Our approach fals under the framework of MCA and
requires a specific experimental design based on perturbations of
transcription rates. We illustrate the method by anayzing
“synthetic” data generated with a mathematica model. The
applicability of the method is discussed in the context of current
microarray technology and a limited knowledge of protein-protein
interactions.

2. METHOD

Microarray experiments quantify gene expression levels
essentially as aratio of the abundance of mRNA in response to a
stimulus to its abundance in a reference state (determined by the
ratio of fluorescence intensity of two fluorofors):

rR=F [MRNA]'
F [mMRNA]S

where F' and F are respectively the fluorescence intensities of the
stimulated and reference state, [MRNA] is the reference
concentration of the message of genei (i = 1,...,n; n being the
total number of genes analyzed) and [MRNA]]’ is the concentration
of the same message in the new steady state reached after the
stimulus has been applied. One should bear in mind that artifacts
might arise due to details of the technologies (indeed, some have
pointed out, e.g. [49]), although these fall outside the scope of our
analysis. As with any other, the quality of the results of the
proposed method is only as good as the raw data it processes.

)

Two relatively new concepts in MCA are the co-control
coefficient [22] and the regulatory strength [28]. A co-control
coefficient expresses how two variables change when a single
parameter is perturbed, while a regulatory strength expresses how
much of a perturbation in a variable is propagated to another
through a particular pathway. Both these concepts take a central
role in our method and are applied specificaly to mRNA
concentrations. The co-control coefficient, defined for the mRNA
concentrations of two genesi and j when arate of transcription vy,
is perturbed, is defined as:

_ O[mRNA]/[MRNA]
' [mRNA 1/[mMRNA ]’

We propose to use a special type of regulatory strengths, those
that quantify direct effects, as a quantitative description for gene
regulatory networks. The regulatory strength of mRNA; on mRNA,
through direct action over the transcription of mRNA; is written
as:

Vm

)
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where SQRNA is the elasticity of v; by mRNA; and C:: ' isthe

concentration-control coefficient of the transcription reaction j on
mRNA;. These coefficients quantify how much change a
perturbation in a selected variable (MRNA concentration) induces
on another through a particular path of regulation. A negative
regulatory strength indicates an inhibitory influence, a positive
one activation, and zero represents no direct influence. Fig. 1
depicts an example gene network as a directed graph and also asa
matrix of direct-effect regulatory strengths.
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Figure 1: A model gene regulatory network of three genes.
Arrows represent activation interactions while lines with blunt
ends inhibitory interactions. The numbers next to the linesare
the values determined for the corresponding regulatory
strengths.

While Eq. 3 defines regulatory strengths, it is not a convenient
method for their calculation, as it is hard to determine both the
dasticity and control coefficients from experiments. Fortunately,
an aternative method exists in which regulatory strengths can be
calculated from the co-control coefficients. The latter are easier to
determine [21, 22] because the magnitude of the perturbation does
not need to be known in this case. A matrix of regulatory
coefficients (R) is equa to the inverse matrix of co-control
coefficients (O) as shown by Hofmeyr and Cornish-Bowden [21].
The task is then to measure co-control coefficients from
microarray experiments and to calculate the regulatory strengths
from them.

All coefficientsin MCA (including the co-control coefficients) are
by definition the result of infinitesimal calculations, but in rea
experiments one can only make finite changes. It is thus useful to
reformulate the approximation explicitly using finite changes
because this is how experimental data will be processed. All
cdculations ae based on scaed differentids but the



measurements are of finite concentration changes. We will make
use of a central finite differences approximation, AC/C, to the
scaled derivative 0C/C:

ac _ (c-c?)
c [c+cY)2’

where CU is the reference concentration and C is the concentration
after perturbation. In microarray experiments, however, one does
not determine absolute values but rather a ratio of fluorescence
intensities that is equivalent to the ratio of concentrations
(FR=CIC®, C° being the reference concentration). The use of
central finite differences is important, as it is free from the bias
that left or right finite differences would introduce. This is
especially important when the perturbations are large (as we will
illustrate later on). Eg. 4 can then be expressed in terms of the
fluorescence ratio FR by dividing denominator and numerator by
the same factor C%

(4)

1S 1
AC _\c® ) _2(FrR-1) "
C ;*1 FR+1

Using this result to replace infinitessimal changes by finite changes
in Eqg. 2, an approximation of the co-control coefficients in terms
of fluorescence ratios can be written as:

w5, DMRNA /MRNA _ (FR -1)(FR, +1)
" l - - ' (6)
' AMRNA, /mRNA,  (FR -1)FR +1)

VmOi‘ is thus a measurable quantity obtainable directly from

microarray data. For a single perturbation experiment on the rate
of transcription of gene m (Vi) one can calculate n? co-responses

V’“Of . These are organized in groups of n, each of which makes
J

up a column of a co-control matrix. Since there are n co-control
matrices (one for each gene), n experiments are needed (with a
single transcription rate perturbed in each), to complete the n co-
control matrices:

V16i1 Vn6i1
C~)i S @)
Vlain . Vn6in

Here Oi is the co-control matrix of gene i. Inverting each of
these matrices results in aregulatory strength matrix:

R =0, ®)

To reconstruct the gene regulatory network we then use row i

from each matrix Ri (with i = 1, ... ,n) that corresponds to the
direct-effect regulatory strengths.

To summarize, the proposed method consists of the following
steps:

1. Select the set of n genes for which the regulatory
network will be investigated (all genes of agenome or a
subset thereof).

2. Perturb the rate of transcription of one single gene.

3. Measure gene expression ratios between the new steady
state reached after the perturbation and the reference
state, using microarray or DNA chip technol ogy.

4. Use fluorescence ratios FR and Eq. 6 to calculate n? co-
control coefficients, completing one row of each of the
n co-control matrices.

5. Carry out steps 2-4 until al transcription rates in the
initially selected set have been perturbed and gradually
fill in the co-control matrices.

6. Invert the n co-control matrices to obtain n regulatory

strength matrices R, .

7. From the n matrices R, use row i of each to
reconstruct the gene regulatory network.

The next section illustrates the application of the method
using synthetic data from model gene regulatory networks.

3. RESULTS

To illustrate the proposed method, we will apply it to data
produced by artificial gene regulatory networks (computer
models). These models were defined and run with the biochemical
kinetics simulator Gepas [35, 36] (available at
http://www.gepasi.org). We intentionally used nonlinear kinetics
for transcription to show that the inherent nonlinearity of the
system does not invalidate this linear method. In each case we
changed the rate of transcription of each transcription step (as
specified above) and calculated the resulting new steady state.
Implying that fluorescence signals in microarray experiments are
proportiona to mRNA concentrations, we further used the ratio of
mRNA concentration in perturbed state over the mRNA
concentration in the reference state as FR.  Proceeding with the
remaining steps of the method, we obtained regulatory strengths
that allowed us to re-construct the corresponding network graphs.
One advantage in using a computer model is the ability to judge
how well the method performed. The models used represent
several scenarios, including one in which there are hidden
variables and another where there are non-additive effects
(complex formation between different gene products).

3.1 All playersareknown

We consider a small regulatory network of three genes and
simulate on the computer the experiments described above. The
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model is described by the network depicted in Figure 1 and the
following system of ordinary differential equations:

=gy A
KiB
dgtB] =1+V§ac ~k,[B] - ©
. [c]
dlc] _ V, “k[d]
dt +ﬂ L Kan ¢
X (1 [Aﬂ

Here [A], [B] and [C] are concentrations of the mRNA species;
Va Vp and V, are basal rates of transcription; Kig and Kig' are
inhibition constants; K,c and K, are activation constants; k,, Kp,
and k. are first-order degradation constants.

We first calculate [A], [B] and [C] for a reference steady state
setting all parameter values arbitrarily to unity, except for Kig,
Kig', Kaa, and K, which were set to 0.1.

Then each rate of transcription was modified (one at a time) by
changing a value of the basal rate and new steady state
concentrations were calculated. Since the analysis was originally
based on infinitesimal changes, we started by making “small”
changes of 10% on transcription rates. We followed the method
described in the previous section and obtained nine direct-effect
regulatory strengths which we combined in a new matrix (Fig.1).
From this matrix we draw the corresponding wiring diagram and
assign quantitative measures to each interaction (the regulatory
strengths) as depicted in Fig. 1.

Keeping in mind that small changes in transcription rates are
difficult to achieve in practice and/or their effects are even harder
to measure, we explored the performance of the method with
larger perturbations (under-expression by 50% and over-
expression by 200%). The values of the regulatory strengths
obtained with these larger perturbations are compared to the
theoretical values (calculated with Eq. 3 using elasticity and
control coefficients obtained with the simulation software) in
Table 1. Table 1 clearly shows that the error due to the finite
differences approximation in our method is relatively small for a
small perturbation (1.1x) but grows with larger perturbations
(0.5x and 2x). Nevertheless, even with the larger perturbations the
absolute error is less than 0.075 (17%), which we believe is well
below the measurement noise, and thus perfectly acceptable.

Table 1 — Effect of the size of perturbations on the estimation of regulatory strengths. Theoretical values of
regulatory strengths for the model of Fig. 1A were calculated using Eg. 3 and the simulation’s values of
elasticity and control coefficients. “ Experimental” values were calculated by applying different perturbations on
rate of transcription (last three columns) and following the method described in the text.

Theoretical 1.1x 0.5x 2x

value perturbation perturbation perturbation
"Ry -0.901 -0.903 -0.879 -0.916
"Ry -0.752 -0.757 -0.711 -0.787
RS 0 0.001 -0.005 0.004
»RY 0 0.001 -0.006 0.005
» RS -0.638 -0.639 -0.635 -0.646
»RE 0.315 0.311 0.348 0.288
Ry 0.241 0.236 0.279 0.213
“Rg -0.533 -0.544 -0.444 -0.607
“RS -0.638 -0.639 -0.628 -0.651

3.2 Hidden variables

In cases where one cannot measure the expression of al the genes,
when it is not easy to perturb the transcription rate of some genes,
or when it is not convenient to analyze the full network, the
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method must be applied only to a subset of the genes. In those
cases only the rates of transcription of “available” genes and their
mMRNA concentrations are measured. Nevertheless, a larger
network is responsible for the observations and so one can no
longer be sure if the interactions detected by the method are really
direct or are a result of the hidden variables. To explore such a



scenario we constructed the five-gene network shown in Fig. 2A
(the kinetics were similar to the previous example and are
available as supplementary information at
http://www.vbi.vt.edu/~mendes/icsb01-supp.html).

ok

Figure 2A: A model gene regulatory network of five genes.
The full mathematical model is supplied as supplementary
material at http://www.vbi.vt.edu/~mendeg/icsb01-supp.html.

Then the transcription rates of genes C, D and E were perturbed
by 10% over-expression and their corresponding relative mRNA
responses were “measured”. We caculated all the direct-effect
regulatory strengths for those three genes and used them to
reconstruct the network shown in Fig. 2B.

l
)

Figure 2B: the network reverse engineered with the method
proposed when only genes C, D and E were perturbed and
observed.

0

Comparing the networks of Fig. 2 (the origina and the one
reconstructed by our method), it is clear that al the direct
interactions on the original network between genes C, D and E
were recovered from the regulatory strengths. In addition, there is
a new arrow from C to D in Fig. 2B that does not exist in the
origina network (Fig. 2A).

In the origina system, C influences B and B influences D, but
because B was not included in the anaysis these two interactions
collapse into a single one which is, of course, only apparent. What
this reveals is that if only a subset of genes is considered in the
analysis, then the interactions identified with this method are not
necessarily direct but can also include indirect effects (through
hidden variables). Incidentally this is the same as if one considers
that in most cases it is not the mRNAs that interact with
transcription but rather their protein products. Because proteins
are not represented explicitly here, they can be thought of being

hidden variables and their action is included in the arrows of the
gene regulatory network.

3.3 Non-additive effects

Our model of gene networks is a purely additive one, which stems
from our use of metabolic control analysis, a formalism based on
afirst-order Taylor approximation [18]. However, it is not hard to
conceive (or find examples) where the regulation of the
expression of a gene depends on a combination of severa other
genes. For example, the products of gene A and gene B may have
to bind in order to be capable of activating gene C. Because these
interactions may be frequent, it is relevant to see how the method
performs with such networks. For that we have created the gene
network depicted in Fig. 3A.

(B0)

< (A

Figure 3A: A gene network where some of the regulation
occurs through binary complexes. The full mathematical
model is supplied as supplementary material at
http://www.vbi.vt.edu/~mendes/icsb01-supp.html.

m

The main feature of this network is the formation of two
complexes, AE and BD that are regulators of other genes. We
performed 10% over-expression perturbations on al the
transcription rates and observed the response on the expression
levels of A, B, C, D and E (levels of AE and BD were not
monitored). The calculated regulatory strengths describe a gene
regulatory network presented in Fig. 3B. The network shows
interactions from B to A, from D to A, from A on C and from E
on C — these correspond to the interactions that complexes AE
and BD have on target genes in the original model, but are
recovered by our approach as an additive effect of individual
genes. This situation is similar to the previous case of hidden
variables: as we did not consider the complexes as separate
individual entities, we recovered their effect as additive effects of
the congtituents of the complexes. This results in extra arrows
leading directly from the complex components to the target genes.
There are also additional interactions of A on E and E on A, and
B on D and D on B which are all negative. We interpret thisin the
following way: in the original network, increasing A, for example,
will tend to increase AE and therefore decrease E. In summary,
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although the method does not account directly for complex
formation, the effect of such interactions does not get lost in our
treatment, but is reflected in the resulting networks as coming
from the individual constituents of the complexes.

T
\

Figure 3B: The gene network reverse engineered with the
proposed method. The non-additive regulatory interactions
that occur through the complexes in the original system are
lost but an equivalent set of additive interactions appears in
their place.

4. DISCUSSION

We have proposed a method for inferring the gene regulatory
networks from gene expression data. This method requires making
perturbations on single rates of transcription, one at a time, and
measuring the levels of mMRNA of &l genes after each
perturbation. The method is thus very suitable to be applied
together with the increasingly popular microarray or DNA chip
technologies. Considering that these technologies can only
reliably measure ratios of mMRNA concentrations, we derived the
method based on those ratios, not on absolute MRNA levels. This
does not preclude using the method with quantitative RT-PCR or
Northern blot data.

An important issue in applying this method is the need to carry
out specific single-gene perturbation experiments. Often gene
expression is monitored in response to perturbations that affect
severa genes or to mutants where one or several genes have been
deleted from the genome. Here we argue for perturbations of each
single rate of transcription, which implies that the total number of
experiments required is equal to the number of genes under
consideration.

Many existing methods to reverse engineer gene networks [2, 25,
32, 42] rely on a Boolean representation of gene interactions [29,
44]. In such representations, genes are considered to be either
completely “on” or completely “off”. In our models we make no
such assumptions and consider expression levels as continuous
variables. Other methods approach gene networks by representing
them as linearly additive models [14, 24]. This is a better
representation as it allows for transcription rates to take on
continuous values. Our method fals into this category.
Nevertheless, it is of notice that gene regulatory networks
obtained by our method (and other linear additive ones) are
snapshots of a state of the system and therefore may have limited
extrapolation power to states other than the one studied. Some
other representations have been proposed [3, 31, 34, 37, 45] that
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use non-linear rate functions to represent the dynamics of mRNA
concentrations, but they have the disadvantage of including large
numbers of parameters to be fit and so require much more data
[37, 45] than this method. We believe that first obtaining a
representation based on regulatory strengths should precede the
application of such non-linear regression models.

One advantage of our method is that it is quantitative. Not only
does it find which interactions are present but also how strong
they are, as reflected in the regulatory strengths. But to be truly
quantitative, extremely small perturbations (infinitesimal) should
be applied on the rates of transcription. This is impossible to
achieve and with current state-of-the-art of laboratory technique
we are limited to considerably large perturbations. Measurement
of smal changes in gene expression levels is even more
problematic. It is thus important to consider that the method will
be usually applied with large perturbations and is useful to know
how it would perform in such circumstances. We have tested for a
simple model the limits of applying large perturbations on
transcription rates. We have found out that even with rates 2-fold
larger (as could be obtained by duplicating the number of gene
copies in the genome), we obtain rather good estimates of the
regulatory strengths. Our conclusion is that even for large changes
we may be able to reconstruct gene regulatory networks with
fairly good resolution. In this case the accuracy is somewhat more
limited but the measurement noise is still larger than the finite
approximation itself.

We argue for the perturbation of transcription rates rather than
perturbations on mMRNA levels. But how can one perturb rates of
transcription? One way is to transform cells using constructs that
include a different promoter sensitive to some chemical
compound foreign to that cell (such as constitutive artificia
promoters [26] inducible by IPTG). Fortunately, for our purposes,
this transformation does not have to be performed on the
chromosomes: it suffices to add the gene of interest with the
appropriate promoter in a plasmid. On the other hand, gene
knockouts are not appropriate for this analysis: when a gene is
completely removed, the resulting network is no longer the same
as the original one and it becomes impossible to quantify the
regulatory strength.

The theory behind our analysis is based on a linearization of the
mMRNA dynamics around the reference state. Unless the kinetics of
mRNA concentrations is linear (which we do not believe to be
frequent and indeed it is not the case in our model, see Egs. 9),
the description of the regulatory network with regulatory strengths
is only good for that specific cell state. For example, if one were
to compare a bacteria culture growing in a rich medium with the
same culture growing in a limited medium, one would proceed
first by perturbing the culture in rich medium and estimating its
corresponding gene network, and then by perturbing the culturein
the limited medium and estimating its gene network. The
comparison would be at the level of the two gene networks and
the focus would be on how the regulatory strengths have changed
from one state to the other — a quantitative comparison.

Considering that a network is only good for one state of the
organism and that the network recovered with this method may be
different from the origina one (e.g. when there are hidden
variables, Fig. 2, or non-additive effects, Fig. 3), we conclude that
gene regulatory networks are phenomenological. To find the
“true” mechanistic gene regulatory dynamics one would have to



find the phenomenological networks of many different states of
the organism and then infer the non-linear kinetic functions that
could accurately describe the behavior of the network in a wide
range of conditions.

It is possible that some interactions between genes, though
physically present, are not detectable in a particular state by our
method. This may happen, for instance, due to saturation in the
transcription rates. For example, if A is an activator of B but the
transcription rate of B is saturated in A, an increase in the level of
A has no measurable effect on B, and consequently the regulatory
strength is zero. Hence, in this particular state there is no effective
regulation of A on B. That A is able to affect B would become
evident only when analyzing another state of the system where the
transcription of B was no longer saturated in A, e.g. in different
environmental conditions. Each cell type of a multi-cellular
organism is a specific state of the genetic network [29] therefore
each cell type will have a different effective genetic regulatory
network with a characteristic set of regulatory strengths between
genes.

We showed that the method proposed is capable of providing a
lower-resolution gene network when only a subset of genes of a
genome is being considered. The ability of the method to deal
with an incomplete set of components in a network is of great
importance. Not all organisms have yet been fully sequenced and
even for those that have, it is very likely that not all genes have
yet been identified. In addition, we will probably not be able to
apply perturbations on all rates of transcription and some mRNAs
may be below accurate detection. Even though our method is not
able to indicate that some genes are missing in the analysis, it
provides causal information about all genes present, reflecting
effects of genes that are not considered in the analysis.

One point worth stressing is that the analysis we propose does not
rely on the size of the perturbation applied, only that it should be
small. This is because the method is based on the ratio of changes
in pairs of MRNA gpecies rather than on the effect of the
perturbation on each single one. This fact is most convenient
because one cannot accurately predict the magnitude of changes
in transcription rates when a new gene copy is added (either to a
chromosome or in a plasmid). If one were to use the traditional
metabolic control analysis rather than co-control analysis, the
approach would require accurate measurements of the size of the
perturbation. In such a case one would measure concentration-
control coefficients and then use these to calculate elasticity
coefficients, which describe the effect of one mRNA on a
transcription rate (rather than one mRNA on another, as
regulatory strengths). We have also performed this alternative
analysis on the model of Fig. 1 and were indeed able to describe
the correct gene network because we assumed accurate knowledge
of the size of perturbation (see supplementary information at
http://www.vbi .vt.edu/~mendes/icsb01-supp.html).  From the
experimentalist point of view, however, it is simpler to measure
co-control coefficients. Note that both analyses require exactly the
same perturbation experiments to be performed.

We argue for carrying out specific perturbation experiments in
order to infer the regulatory structure of gene networks of an
organism or cell type. Knowledge of such networks is a crucial
step towards the understanding the functions of the genes and
indeed the cell as a whole. The experimenta effort needed for
these experiments is perhaps comparable to genome sequencing

projects. To be feasible to apply this method to whole-genomesin
a systematic way will require high-throughput technologies. The
leap in understanding of cell function that comes from knowing
gene regulatory networks is comparable to the leap in knowledge
that occurred from single-gene to whole-genome sequences and
will help in deciphering the function of many genes that are
currently of unknown function. In the meantime it will still be
very informative to apply the proposed method to smaller groups
of genes.
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