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Improved understanding of gene
expression regulation using

systems biology

Robert S Kuczenski, Kunal Aggarwal and Kelvin H Lee'

This article reviews the current state of systems biology approaches, including the
experimental tools used to generate ‘omic’ data and computational frameworks to
interpret this data. Through illustrative examples, systems biology approaches to
understand gene expression and gene expression regulation are discussed. Some of
the challenges facing this field and the future opportunities in the systems biology era

are highlighted.
Expert Rev. Proteomics 2(6), 915-924 (2005)

Gene expression is often considered to be the
flow of biologic information from DNA, to
mRNA and finally to functional protein prod-
ucts. However, this perspective does not
explicitly consider genome-wide regulation of
gene expression. Such regulation can occur at
multiple levels. Some general examples of
important types of regulation include com-
petition for limiting substrates and local path-
way control, including positive- and negative-
feedback loops. These complexities contribute
to a nonlinear trend observed in mMRNA and
protein expression profiles in various organ-
isms [1-5]. Theoretical studies of gene expres-
sion networks have reinforced this observation
[6,71. These studies highlight that mRNA or
protein expression information, by itself, is
not sufficient to elucidate the relationship
between genome sequence, gene expression
and cellular dynamics. Due to the complex
network of interactions involved, gene expres-
sion and its regulation are ideally suited to
being studied using a framework that not only
integrates expression data from multiple cellu-
lar levels, but also combines experimental and
computational approaches.

When studying gene expression on a moderate
or large system, a large number of measure-
ments may be necessary to characterize the
behavioral dynamics of the system. Computa-
tional tools are often necessary to extract the
desired information from this large quantity

of data. These computational tools may also
be used to develop predictive power to guide
experimental design. Systems biology s
defined here as an interactive collaboration
between these computational and experimen-
tal efforts, to integrate system-wide informa-
tion and to understand an otherwise incom-
prehensibly complex system, as illustrated in
FIGURE 1. In this review, a system implies an
organism, tissue, cell, cell compartment or
any other biologic system of interest. The sys-
tems biology perspective is not a new concept
[8-10], but the advent of new high-throughput
experimental techniques has sparked a
renewed interest in the field. For a more gen-
eral review of the field of systems biology, the
reader is directed to the currently available
literature [11-131. This article will focus on the
application of systems biology to understand-
ing gene expression and gene expression regu-
lation. The article begins with a brief overview
of some experimental and computational
methods, as well as some data analysis and sta-
tistical tools relevant in these studies. Using
illustrative examples, this review highlights
current studies that benefited from utilizing a
systems biology approach, tool development
for these studies and a research area that may
benefit from a systems biology approach.
Finally, the article concludes with thoughts on
the current status and future directions for
this field.
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Figure 1. A typical systems biology approach emphasizing the iterative workflow and

The proteome of a cell is commonly
analyzed using gel-based approaches or
shotgun proteomic methods. Both of
these approaches involve separation of
complex mixtures of proteins, either using

;'Qﬁéféz 2D gel electrophoresis (2DE) [19-21] or
results  Using multidimensional chromatography

[22-25], followed by a mass spectrometry
(MS)-based analysis for protein charac-
terization. New protein quantitation
approaches involving isobaric labeling of
proteolytic peptides resolve some of the
limitations of the 2DE and traditional
shotgun proteomic methods [5,26].
Metabolite target analysis, which
involves analyses of samples for one or

Experimental tools & resources

Systems biology approaches to studying gene expression often
involve genome-wide data collection in an organism subjected to
different environmental and/or genetic perturbations, usually at
multiple time points. Genetic perturbations could include gene
mutation, overexpression, deletion, or post-transcriptional gene
silencing. Genome-wide data collection may involve measure-
ments of MRNA and protein expression, metabolite concentra-
tions, and interactions between different macromolecules. Levels
of mRNA and protein expression provide a direct measure of
gene expression. The metabolic state of a system can also be used
to gain further insights into gene expression, because this state is
largely derived from global gene and protein expression. Further,
metabolites can be considered to be the products of cellular regu-
latory processes, and the biochemical response of an organism
can be characterized by its effect on the differential accumulation
of individual metabolites. Information from measurements of
gene and protein expression, and metabolite concentration, can
be used to hypothesize possible regulatory pathways. However, a
direct experimental measurement of the interactions between the
different molecules involved can help validate the proposed
mechanism of regulation. The following sections provide a brief
overview of some of the high-throughput technologies that are
currently being used to measure mRNA and protein expression
levels, metabolite concentrations and protein—small molecule
interactions. For a detailed description of these techniques, the
reader is directed to appropriate references. A brief discussion of
data analysis and storage paradigms currently available for
interpreting and sharing the resulting data is also provided.

Data collection

Genome-wide parallel gene expression measurements are
commonly carried out using spotted complementary DNA
arrays [14] and high-density oligonucleotide arrays 15]. In addi-
tion to measuring the mRNA expression levels, DNA micro-
arrays are also used to characterize spliced genes [ie],
resequence whole stretches of DNA [17], and identify single
nucleotide polymorphisms (SNPs) [18].

multiple compounds from a complex mix-
ture, is often carried out using gas chromatography
(GC)/MS 21 and liquid chromatography (LC)/MS [2g].
Nuclear magnetic resonance (NMR) has been used to generate
metabolic fingerprints to detect effects of genetic perturbations
in organisms [29]. It has also been used to determine carbon
fluxes in known metabolic pathways [30].

Protein—protein and protein—small molecule interactions are
more commonly studied using a yeast two-hybrid screening
procedure [31]. Spotted protein arrays are also used to probe
protein—small molecule interactions 32,331 and measure protein
activity [34,35].

The quality of data collected using the techniques above can
be affected by multiple factors, including technological, bio-
logic and experiment-to-experiment variation. For example,
technical variation may arise in microarrays due to variation in
array manufacture, nonspecific hybridization to the arrays and
so on. Biologic variation can be attributed to differences in the
biologic make-up of different organisms from the same species.
This situation can occur when cells from a single strain are cul-
tured in different media types. Experiment-to-experiment vari-
ability is more user specific and can arise due to multiple fac-
tors, including differences in sample preparation. All of these
factors of variation necessitate a good experimental design that
includes technical and biologic replicates in the experiments.
This design will help to estimate the variation in the expression
measurements that results from the factors discussed above, and
will improve the reliability of the data collected.

Data interpretation

A number of statistical tools have been developed for DNA
microarray data processing and interpretation. Normalization
procedures are available to remove the differences arising in
measurements due to technical reasons such as labeling efficiency,
scanning and other systematic biases in measurements [3s].
Such procedures facilitate a direct comparison of multiple
microarray measurements corresponding to different samples,
with the goal of detecting changes in gene expression. Based on
different normalization methods, a variety of algorithms have
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been proposed to extract gene expression levels from signal
intensities measured using DNA microarrays [37.38]. Although
multiple methods have been proposed to process DNA micro-
array data, there is no consensus over the best data processing
algorithm [37,38]. However, there are methods available to deter-
mine genes with statistically significant changes in expression,
irrespective of the choice of the data-processing method [38,39].

A variety of data mining tools are also available to explore
interactions between genes and to reveal patterns of expression.
Clustering methods can be used to organize genes showing simi-
lar gene expression into meaningful groups that can be used to
develop taxonomies. Principal component analysis (PCA) or
singular value decomposition can be used to reduce the dimen-
sionality of the gene expression data sets and to organize genes
into different groups based on similar expression profiles [40,41].

Unlike the field of microarrays, few statistical tools are
currently available to process data obtained using shotgun pro-
teomic methods. However, data analysis involved in quantita-
tion of protein expression by independent measurements of
multiple peptides using MS is similar to the quantitation of
mRNA expression using probe pairs on high-density oligo-
nucleotide arrays. Some of the concepts involved in microarray
data analysis, including noise reduction and normalization, are
also relevant to the processing of data obtained using shotgun
proteomic methods.

Metabolome data analysis is also similar to transcriptomic
data analysis. Metabolite profiles of mutants of genes can be
used to assign those genes into different functional categories.
This kind of classification may be performed using statistical
methods such as clustering and PCA on NMR spectra from cell
extracts [42,43].

Data storage

Significant progress has been made recently to systematically store
the data from biologic experiments in publicly available databases
[44-50]. These databases store information related to mRNA
expression profiles, metabolic pathways and chemical reactions,
including the enzymes involved, macromolecular structural data

Gene expression regulation using systems biology

and protein—protein interactions (tasLe 1). A public database of
MS spectra of various metabolites has also been established to
facilitate unambiguous identification of metabolites in complex
biologic samples [513. These databases provide quick and easy
access to currently available biologic information. This informa-
tion may be required not only for judicious planning of new
experiments, but also for formulating models.

To maximize the utility of these databases, it is important to
store information in a systematic format so that it can be easily
interpreted and efficiently searched. Standard formats for
information storage have already been suggested for DNA
microarray experiments (Minimum Information About A
Microarray Experiment [MIAME]) [52], proteomics data [53]
and metabolomic experiments (Minimum Information About
A Metabolic Experiment [MIAMET]) [54]. It is also important
to report data from experiments to databases in an unprocessed
form so that the user can assess its quality and reliability.
Furthermore, these databases should be regularly updated only
with nonredundant information.

Modeling & simulation of gene expression networks

Mathematical modeling is a fundamental component of the
systems biology approach, as illustrated in Ficure 1. The mode-
ling of gene expression networks can yield insights into their con-
nectivity, control and stability. The product of these modeling
efforts is often used to predict the response of a biologic system to
a perturbation (e.g., change in environmental condition). By pro-
viding insight into system dynamics, model predictions can effi-
ciently guide the design of future experiments to advance the
understanding of gene expression networks. Numerous
approaches to modeling exist; the reader is directed to more spe-
cific reviews on their implementation [s55e]. In this section, some
of the important factors to be considered when constructing a
mathematical model are reviewed. In addition, stability in gene
expression networks and the differentiation of competing models
will be covered. This section will conclude with a discussion of
software applications and programming languages that are useful
for mathematical modeling in systems biology studies.

-

Table 1. Commonly used repositories for biologic information.

Category Database Ref.

Genomes and analysis National Center for Biotechnology Information (NCBI) [101]

Expression profile-related databases Gene Expression Omnibus (GEO) [44,45]
Stanford Microarray Database (SMD)

Enzymes and metabolic pathways Kyoto Encyclopedia of Genes and Genomes (KEGG) [46-48]
Encyclopedia of Escherichia coli Genes and Metabolism (EcoCyc)
Encyclopedia of Metabolic Pathways (MetaCyc)

Protein sequence and functional annotation Swiss—Prot protein knowledgebase [102]

Macromolecular structural data Protein Data Bank (PDB) [49]

Protein—protein interactions Biomolecular Interaction Network Database (BIND) [50,103]
Database for Interacting Proteins (DIP)
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Creating a mathematical model

The construction of a mathematical model begins with several
decisions regarding the representation of the biologic system.
These decisions relate to the scope of the network and the detail
used therein to describe the biologic system in the model. The
most basic information incorporated into a mathematical model
of a gene network concerns the chemical species, such as
mMRNAs or proteins, and the connectivity of these species. This
information may be analyzed using graph theory [s7]. Large or
poorly understood gene expression networks often use this ana-
lysis as a starting point to determine the possible connectivity
and importance of different molecular species, as shown in
FIGURE 2A. ldeker and coworkers used a graph-based approach to
construct a physical interaction network that was consistent
with a series of microarray experiments in yeast (an example of
which is shown in riGurRe28) [s8]. Using this network, the
authors were able to predict a new regulatory mechanism and
verify this mechanism experimentally. The inclusion of addi-
tional information, such as rate equations for the time evolution
of the chemical species, creates a mechanism-based model that
can be used to gain a greater insight into the roles of specific pro-
teins, MRNAs and metabolites  (Ficure2c). Smolen and
coworkers built a detailed mechanism-based mathematical model
of circadian rhythms in Drosophila utilizing a series of ordinary
differential equations to represent the network [se1. They verified
a number of experimental observations using this model, includ-
ing adjustment of the phase of gene expression oscillation to
light—dark cycles. Among other predictions, they proposed a
mechanism by which the network maintains a constant period of
oscillation over a wide range of temperatures.

The scope and detail used in mechanism-based models is
often limited by the computational resources available to the
project, the type and amount of experimental data available for
model validation, and the current understanding of the net-
work topology and interactions. It is not always possible or
necessary to include all levels of known detail, such as when this
detail may overshadow the understanding of global gene
expression. Using the available knowledge of the gene network
from existing literature, several mathematical tools may aid in
determining the sections of the network that are of greater
importance to the description of the experimental data. One
such tool is metabolic flux analysis (MFA), which calculates the

fraction of the overall flux through local pathways, thus provid-
ing information on the dominant pathways active in a biologic
response [60]. Elementary mode analysis, an extension of MFA
including structural analysis, divides a network into the sim-
plest components and may also be used to determine important
pathways in a gene network [61]. These tools can help reduce
the scope or level of detail in the model without compromising
the ability to describe available experimental observations.

An important decision in the use of mechanism-based models is
the choice between a deterministic or stochastic solution. Deter-
ministic solutions typically consist of a set of ordinary or partial
differential equations that describe the connectivity and time-
evolution of chemical species. These solutions may be preferred
because they are computationally simpler than stochastic solu-
tions. However, deterministic solutions do not represent systems
effectively if the molecules are present in low numbers or concen-
trations. This is usually the case if the model incorporates infor-
mation on transcription factors and cofactors. Stochastic solutions
evolve the species’ concentration by selecting reaction(s) based on
the probability of their occurrence. These solutions can be used to
gain insight into the response of gene expression networks to large
fluctuations in species at low concentrations.

Tuning parameterized models

Mathematical models often contain adjustable parameters,
which imply variables that are not explicitly determined in the
solution (e.g., reaction rate constants). These parameter values
can be obtained directly from experimental measurements or
estimated using knowledge of similar reactions, and may be
tuned to best describe observed experimental behavior. Com-
putational algorithms used to tune parameter values require an
objective function, which is a mathematical relation used to
quantify the ability of a model to match experimental data.
Common objective functions include the least-squares or
2 function for fitting quantitative experimental data (e.g.,
time-series concentration data) [6263], and a cybernetic
approach for fitting qualitative behavior (e.g., maximum
growth) [8]. With an objective function defined, a number of
different optimization algorithms can be used to find a set of
parameters that best describe, or fit, the experimental data.
Some common algorithms perturb the current parameter values
to search for this best fit parameter set, but they do not assure

creation and inhibition, respectively.

Figure 2. Different levels of abstraction for a simple two-gene system where the protein heterodimer represses transcription. (A) Graph containing
only the species and undirected connections. (B) Graph containing directed connections. (C) Graph containing rate equations that may be represented using a
system of ordinary differential equations. Squares denote DNA, diamonds RNA and circles protein. Hashed green and solid red lines indicate nondestructive
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such a set [e4]. Other algorithms examine all possible combinations
of parameter values [e5]. These global optimization algorithms
can provide the best fit parameter set in a finite amount of
time, but are not easily applicable to all types of mathematical
models. With a best fit parameter set determined, a statistical
test may be used to measure the ability of the model to
describe the experimental data [63]. A model may or may not
be able to accurately describe the experimental data. Misrepre-
sentation of the biologic system in the model, such as the
absence of a critical portion of the gene network, may be
responsible for a model’s inability to capture observed experi-
mental behavior. Collaborative efforts between experimental
and computational groups, a hallmark of systems biology, are
key to discovering the sources of these inconsistencies between
model predictions and experimental observations.

Most experimental data, including those from biologic systems,
contain some error (as described previously). The propagation
of experimental error to the estimated model parameters, and
ultimately the model predictions, should be determined.
Knowledge of the errors in model predictions may add confi-
dence to the model predictions and enable a more accurate
comparison between these predictions and experimental obser-
vations. A sensitivity analysis of a mathematical model is one
such tool used to examine the effect of variations in parameter
values on the model predictions [e3]. Using an approximation of
the objective function (described previously), the parameter
variance may be determined from the extent of variation in para-
meter values allowed within the model while still maintaining
its ability to fit the experimental data. An ensemble of para-
meter sets can also be used to propagate experimental error to
both the estimated parameters and model predictions [es]. This
ensemble can be generated by sampling parameter sets near the
best fit parameter set, keeping only those that are consistent with
the experimental data. Brown and coworkers used this method
to generate novel predictions for a signaling network [67. The
authors demonstrated that, while the experimental data may not
have constrained all model parameters, they could propagate the
confidence in the experimental data to find precise predictions
regarding the weight of different signaling modules in the
response to two growth factors.

Statistically analyzing models

The ability to absorb moderate amounts of statistical noise
without significant physiologic change, while maintaining the
flexibility necessary to adapt to new conditions, is a fundamental
property of biologic systems. Mathematical models of these sys-
tems should also have this property. Model solutions found using
stochastic methods inherently generate information regarding
the possible steady states of a system and the stability of these
steady states. For models with a deterministic solution, a bifurca-
tion analysis is a common method used to analyze the stability of
different steady-state behaviors of a gene network [ss]. This ana-
lysis examines the system stability to parameter variations and
characterizes the boundaries between qualitatively different
system behaviors (e.g., normal vs. cancerous cell growth).

Gene expression regulation using systems biology

Gene expression networks often have competing hypotheses
to describe the observed experimental behavior. These hypo-
theses may be delineated by examining each models’ ability to
describe the experimental data. Several statistical analyses are
available to determine which hypothesis, if any, is statistically
better at describing the experimental behavior [63,66].

Software applications & programming languages

Several markup languages have been created to facilitate the
transfer of models of gene networks between not only different
software applications, but also various research groups. The
most prominent of these languages is the systems biology
markup language (SBML), which is designed for describing
gene expression networks [e9]. SBML is used in many systems
biology applications and has been integrated with many com-
mon applications, such as Mathematica (Wolfram Research,
Inc., USA) through MathSBML [70]. Another language used to
describe models is CellML, which has greater flexibility in
describing mathematical models than SBML, although it is not
as widely supported by software applications. These and other
markup languages will play an important role in the standardi-
zation of model descriptions, thereby enabling seamless
exchange of models between different software applications in
addition to collaboration between different research groups.

Many applications have been specifically developed to facili-
tate the modeling and simulation workflow typically found in
systems biology, thus reducing the amount of time necessary to
create and use a mathematical model. One example is the
Exploratory Research for Advanced Technology (ERATO) sys-
tems biology workbench (SBW) 711, which is a modularized pro-
gram designed to flexibly incorporate new computational tools
as they are developed. A collaborative effort is currently under-
way to bridge SBW with the Biological Simulation Program for
Intra- and Inter-Cell Processes (Bio-SPICE), another modular
collection of biologic modeling tools focusing on spatiotemporal
processes. This effort will create a large set of complimentary
modeling tools [104].

For those who prefer to create a program to describe their
model, interpreted languages provide a high-level platform
including prepackaged mathematic, scientific and statistical
tools. Python [05] and Perl [106] are currently among the most
widely used interpreted languages. Python is an object-oriented
scripting language and is well established in the scientific com-
munity. While Perl pre-dates Python, it lacks many of the scien-
tific tools available to Python. Matrix Laboratory (MATLAB;
The Mathworks, Inc., USA) is another interpreted language often
used in scientific work that includes several core scientific pack-
ages. Since these languages have a higher computational cost
than a compiled programming language, it is possible to incor-
porate core model components written in C/C++ or Fortran
within these scripting languages. This feature allows the speed of
C/C++ or Fortran to be combined with the extensive toolboxes
available in these interpreted languages. The Simplified Wrapper
and Interface Generator (SWIG) [1071 and F2Py [108] are two
examples of interface generators used to incorporate C/C++ and
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Fortran modules into Python, respectively. These languages are
easy to learn, and use C-like or prototype-like syntax to extend
program functionality and increase productivity.

Systems biology approaches

The following section gives several examples of systems biology
studies utilizing some of the aforementioned tools and
resources to understand gene expression and its regulation.
Examples of galactose (GAL) utilization in yeast, enhancing
hemolysin secretion and profiling of colon cancer are used to
illustrate the benefits of a systems biology approach. Since tool
development remains at the forefront of systems biology, net-
work component analysis is used to illustrate a new tool that
has a great potential in systems biology studies. Finally, studies
of circadian rhythms are provided as an example of a field that
may benefit from a systems biology approach.

Galactose utilization in yeast

The pathway involved in GAL metabolism is turned on in yeast
cells only in the presence of GAL. The genes, enzymes and
metabolites involved in GAL metabolism in yeast have been well
defined through various biochemical studies. ldeker and
coworkers refined the understanding of the existing pathway of
GAL utilization by performing a series of systematic perturba-
tions to the critical components of the pathway, and verifying
whether existing molecular interactions in the GAL network
could account for observed gene expression changes [s8]. Geneti-
cally altered yeast strains with a complete deletion of one of the
nine GAL genes involved in transport, enzymatic or regulatory
functions were grown in the presence and absence of GAL.
Global mRNA expression in each perturbed state was compared
with the expression in wild-type yeast grown in similar condi-
tions to identify genes exhibiting a change in gene expression
due to the introduced perturbation. Genes with similar expres-
sion responses were observed to belong to similar functional
groups. The differences in protein abundances between the
wild-type yeast in the presence and absence of GAL were also
estimated using a shotgun proteomics approach involving iso-
topic labeling of proteins [20,221. Using a combined transcrip-
tomic and proteomic analysis, genes exhibiting a change in
expression only at the protein level and not at the mRNA level
were identified. Such gene products were hypothesized to be
potential targets for post-translational modification.

A mathematical model of molecular interactions, which
connected GAL with other metabolic processes in yeast, was
constructed using information from public databases, as men-
tioned previously. The gene expression information from per-
turbation experiments was superimposed on this model to test
its predictive power. The discrepancies between the predicted
and observed expression responses were used to refine the
model. Based on experimental data as well as model predic-
tions, the authors suggested new hypotheses about regulation
of GAL utilization, including a regulatory role of galactose-1-
phosphate in controlling GAL gene expression, and validated
these hypotheses using double gene-deletion experiments.

Enhanced hemolysin secretion in Escherichia coli

The secretion of recombinant protein products has the potential
to simplify downstream product purification, which may lead
to significant decreases in production costs. The secretion of
hemolysin via the Type 1 hemolysin secretion pathway in
Escherichia coli was increased using a series of experimental and
computational efforts 725. Initially, a parent E. coli strain was
engineered to express the hemolysin (Hly) secretion pathway.
This strain was then subjected to random mutagenesis and
selection for increased HIyA secretion (the natural substrate of
the Type 1 hemolysin secretion pathway). A mutant showing a
fourfold increase in HIyA secretion was selected for further
analysis. The mRNA and protein expression profiles of the
parent and mutant strains were characterized using high-density
oligonucleotide arrays and a gel-based proteomics approach.
The resulting mRNA and protein expression profiles revealed
simultaneous downregulation of all observed transfer RNA syn-
thetases. The authors hypothesized that this downregulation
was due to a decrease in the translation rate.

Using a mathematical model of the translation process
(whose parameters were tuned to describe the data already
collected), a new hlyA nucleotide sequence was found that
decreases the translation rate by 38%, without altering the
amino acid sequence [73]. Using site-directed mutagenesis,
these changes were introduced to hlyA. This newly engineered
plasmid demonstrated an eightfold increase in secretion of
HIyA over the parent strain. The combination of experimental
and computational efforts in this systems biology study led to
a deeper understanding of the Type 1 hemolysin secretion
pathway and an increase in the secretion of HIyA through
site-directed mutagenesis.

Integrated profiling of cancer

Many researchers have taken a reductionist approach towards
cancer research. However, a few large-scale integrated efforts
combining the genome, proteome and metabolome have been
reported [74-76]. The majority of these integrated approaches have
combined either genomic and transcriptomic data or transcrip-
tomic and proteomic data in an attempt to understand under-
lying mechanisms of cancer. Modeling efforts have also been
undertaken to predict the response of cancer cells to various
drugs. A mechanism-based human colon cancer model, consist-
ing of interconnected signal transduction pathways and gene
expression networks, has been constructed [771. The informa-
tion for the possible interactions and kinetic data used in this
model was obtained from public databases. Time-course experi-
ments conducted on Caco2 and HCT116 colon cell lines were
used to collect MRNA abundance and protein activity data,
which were then used to estimate unknown parameters in the
model. The model was used to predict the change in protein
concentrations with respect to time inside a single cell during a
complete cell cycle. The simulation results were used to extract
the proliferation rates of cells, which were compared with
experimental results. The model has also been used to predict
the cellular phenotype after a gene knockdown. Knockdown of
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Cyclin D, a gene that regulates cellular growth, was predicted to
cause cell cycle arrest after one cell division, as observed experi-
mentally. Using a systems biology approach, the authors were
able to build a human colon cancer model that can simulate the
concentration profiles of different molecules in the cell and can
thus be used to identify molecules with altered concentration in
the disease state. The model can also help to determine the
mechanism of a particular drug by examining its effect on the
concentration of these molecules.

Network component analysis

Liao and coworkers have developed a new analysis method,
network component analysis (NCA), which integrates gene
expression data with known connectivity information between
genes and their transcription factors (TFs) to predict transcrip-
tion factor activities (TFASs) [78,79. TFA is the strength of the
signal transmitted by a TF to different promoters. NCA is based
on the principle that a TF has to be in an activated form to bind
DNA and regulate a promoter. This activation may require
post-translational modification or the binding of specific
ligands to the active gene product. Hence, the gene expression
level of a TF does not necessarily correspond to its activity level.
NCA also predicts the contribution of a particular TF in con-
trolling a specific gene that is regulated by multiple TFs by cal-
culating the control strength of that TF on that gene. This
method has been used to predict dynamic activity profiles of
various TFs related to cell cycle regulation in Saccharomyces cere-
visiae [79] and to reconstruct regulatory signals in E. coli during
transition from glucose to acetate [7e]. The information on
connectivity between TFs and genes in these studies was
obtained from genome-wide location data available in public
databases. This approach can be used to distinguish changes in
gene regulation by various TFs in the diseased versus normal
state. Furthermore, it can be used to identify the contribution
of various TFs in regulating the expression of different genes in
these states, thus providing a potential method of identifying
prospective targets for therapy.

Circadian rhythm in Drosophila

A circadian cycle of gene expression has been found in organisms
ranging from bacteria to insects and mammals. This periodic
oscillation is closely linked to several important physiologic
characteristics, such as sleep—wake patterns soj. The central com-
ponents of the core gene network have been elucidated over the
past 30 years using reductionist approaches (reviewed in [s1]).
Modeling of this gene network has primarily focused on verifying
the oscillatory experimental observations and the stability of these
oscillations s2,83]. Current efforts are using detailed mathematical
models to gain a more complete picture of the control and regula-
tion of the network, such as light entrainment [s9). High-through-
put experimental work has recently begun to focus primarily on
microarray data to analyze the transcriptome in the brain [s4].
The combination of these efforts in a systems biology approach
may yield deeper insight into the mechanisms of the central
pacemaker and the role of this system in higher organisms.

Gene expression regulation using systems biology

Expert commentary

Systems biology is a technology-driven field, and the development
of experimental and computational tools will continue to be an
integral part of the field for the foreseeable future. Significant
developments in the ability to make genome-wide measure-
ments have enabled a shift in the reductionist approach under-
taken in gene expression studies towards an integrative method-
ology. Recent systems biology approaches to understand gene
expression and regulation have been successful in improving the
existing knowledge of the gene networks studied. Although
there is no definitive paradigm for systems biology that always
leads to new biologic insights, the attempts to integrate infor-
mation from different ‘omic’ levels are necessary to move the
field forward. Current attempts also involve mathematical mod-
eling of the biologic processes under consideration. This inte-
gration is necessary because modeling provides an important
avenue for comparing hypotheses for system behavior with the
experimental data. Furthermore, selecting between competing
hypotheses using a validated model of a biologic system to guide
experimental design is often faster than a purely experimental
approach. This reduces the number of experiments necessary to
differentiate between the correct and incorrect hypotheses.

An increasing number of computational groups are using
experimental data collected in different laboratories. This is
an encouraging trend that not only brings together inputs
from groups specializing in different areas, but also reduces
the time invested by a single group in iteratively collecting
data and refining models. The collaborative use of experi-
mental data by these diverse groups requires the storage of
experimental data in a fully defined manner in publicly avail-
able repositories. Furthermore, the data from experiments
designed to perturb the cellular machinery (e.g., the individ-
ual components of metabolic and signaling pathways) should
also be stored to reduce the redundancy in the experiments
performed by groups working in the same field.

Successful systems biology studies will require the skills of
experts from a variety of fields such as physics, mathematics
and engineering, in addition to biochemistry and biology.
Incorporation of biology coursework into disciplines such as
physics and engineering, and the inclusion of mathematics and
statistics exercises into life sciences programs, will foster
improved communication and collaboration between the fields.
In addition to enabling collaboration, these courses can create
well-rounded students who will apply their knowledge to novel
systems biology research as the next generation of scientists.

Five-year view

Before effective and widespread use of systems biology can be
realized, a more complete and standardized set of tools needs to
be developed for both the experimental and computational
components. Although significant developments have been
made in obtaining high-throughput data at different ‘omic’ levels,
there is an immediate need for mature statistical tools to separate
noise from complex experimental data. The computational
research needs to increase the amount of modeling program
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reuse by developing a standardized set of approaches to
constructing models of biologic systems, simulating their
behavior and statistically analyzing their results. The develop-
ment of these experimental and computational tools will

require the collaboration of experts across many fields, and
must involve coordination with new educational curricula.
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/ Key issues

and developed.

« Systems biology requires collaborative experimental and computational efforts.

« Systems biology will continue to be a technology-driven field as high-throughput experimental techniques are created

« Mathematical modeling tools can provide insight into complex systems, and the construction of reusable modeling tools will
maximize the impact and efficiency of computational research.

« Databases and other standardized methods for sharing information will be crucial for this collaborative effort to succeed.
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