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Advances in genomic research have provided many types of large-scale data that contain
rich information on various biological pathways. Intensive efforts have been made to
qualitatively or quantitatively model biological pathways using these genomic data. Some
general network properties, such as the scale-free property and network motifs, have been
discussed and various network models have been applied to reconstruct pathways.
However, there is a lack of systematic integration of prior knowledge and different
genomic data in these analyses. In this review, we discuss pathway reconstruction under
the consideration of the complexity embedded in the biological system, and the global and
local properties of biological pathways. We review major methodologies, including
clustering methods, scale-free networks models, Bayesian networks models, Boolean
networks models, systems of differential equations, and data integration methods. We
focus on the difficulty of each methodology in modeling biological pathways, and
emphasize that different models capture different aspects of biological pathways or
genomic data. The ‘noisy’ large-scale genomic data require the mathematical models and
computational methods to be both robust and identifiable. In addition, we believe that
ideal models should have the capability of incorporating various data types and these

future o
Meaicine

2004 © Future Medicine Ltd ISSN 1462-2416

models need to be assessed through rigorous comparisons with empirical data.

Introduction

The identification and validation of drug targets
relies critically on knowledge of the biochemical
pathways in which potential target molecules
function within cells. For this reason, the study
of biochemical pathways is one major focus of
drug discovery research, and findings from such
research are essential for drug developments by
biopharmaceutical and genomic companies.
Despite intensive studies, these biological path-
ways are far from being completely understood.
In recent years, advances in high-throughput
biotechnologies have led to the accumulation of
large amounts of genomic data of various types.
These data have been analyzed in the context of
known pathways to both test the utility of
genomic data and to gain a better and more
comprehensive understanding of these pathways
(e.g., see [1-41). However, these analyses are
mostly descriptive without sophisticated model-
ing, prediction, and testing components to sys-
tematically  integrate  various  types  of
experimental data as well as known biological
knowledge. This is in part due to the fact that it
is not a trivial task to extract useful information
from the large amounts of diverse genomic data
to model and understand complex biological sys-
tems. In fact, most existing mathematical and
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computational approaches are not yet well suited
for this important task. Therefore, although the
question of how to optimally use genomic data
to analyze biological pathways remains open, we
believe that a systematic review on the previous
efforts is important to understand the advantages
and limitations of each method so as to stimulate
further progress in this area.

We note that several review articles in this
area have appeared in the literature. In their
review, van Someren et al. [51 recorded a time
line of various analyses or models on using large-
scale gene expression data to reconstruct genetic
regulatory networks. They discussed various
models (static versus dynamic, deterministic
versus stochastic, linear versus nonlinear), data
types (continuous versus discrete), and estima-
tion objectives (pairwise or triplewise versus
combinatorial relationships among the genes).
They also reviewed numerical algorithms to esti-
mate model parameters and described the simi-
larity or particularity of each method. De Jong
[6] reviewed methodologies for pathway recon-
struction and focused on the mathematical for-
malisms of possible models, including directed
graphs, Bayesian networks; Boolean networks
and their generalizations; ordinary and partial
differential equations; qualitative differential
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equations; stochastic equations; and rule-based
formalisms. De Jong discussed how these mod-
els had been employed in pathway analyses.
Although these two reviews provided us an over-
view of the computational methodologies for
biological pathway reconstructions, neither
described the properties of known biological
pathways with regard to their complexity, dis-
cussed the reasons for the limited applications of
these mathematical models, or emphasized the
importance of data and knowledge integration
in model developments.

Given the vast literature on pathway recon-
struction, it is neither possible nor our intention
to cover all the methods that have been proposed
to date to model biological pathways. Instead,
we aim to discuss the models used in under-
standing the nature of known biological path-
ways, the limitations of previous modeling
efforts, and the future directions of computa-
tional pathway reconstructions. This review is
organized into the following sections:

the complexity of biological pathways
various types of genomic data
different modeling approaches

future directions

The section on modeling approaches is further
divided into subsections, including clustering
methods, scale-free networks, Bayesian networks
(standard and dynamic), Boolean networks
(standard and probabilistic), system of the differ-
ential equations, and data integration methods.
We cover the discussions on the methodologies
in the order of their potential to reveal the
underlying mechanisms of biological pathways
instead of following a historical time line of their
applications. The overarching goal of this review
is to identify unsolved difficulties encountered in
the current efforts and to discuss future direc-
tions in reconstructing biological pathways.

The complexity of biological pathways

A biological pathway can be viewed as a network
of chemical reactions or physical interactions,
but it also serves as a route for mass
transfer/transport or signal transduction to
accomplish certain cellular functions. Some
broad classes of pathways include metabolic
pathways, transcriptional regulatory pathways,
and signal transduction pathways. A biological
pathway is often very complex, which includes a
large number of components, the intricacy of the
interfaces between them, different degrees of
nesting, various types of data structures, and

channeling of chemical reactions, as well as the
dynamic assembly, translocation and degrada-
tion of biological processes. It is apparently
impossible to identify all the properties of a bio-
logical pathway in one step. For different types
of pathways, different modeling and analysis
strategies may be required. Here, we focus on
how to obtain a graphic representation that cap-
tures the core relationships of proteins in a bio-
logical pathway. Even for this simplified task, we
still need to battle with great complexity posed
by a biological pathway.

The graphic presentation of a pathway
includes a number of nodes or vertices represent-
ing metabolites/proteins/genes, and the directed
or undirected edges between any pair of nodes
measuring the dependence among the nodes. For
example, in a signal transduction pathway, the
nodes usually represent proteins or inorganic
chemicals, and the edges represent the physical
interactions (e.g., adsorption) or chemical reac-
tions (e.g., phosphorylation/phosphorylase). In
pathway modeling, these detailed interactions or
reactions for the edges are generally classified as
‘activation/inhibition’ or simply annotated as
‘interaction’. The measurement on ‘interaction’
can be in various forms such as binary data using
1 to indicate interaction and O to indicate the
absence of interaction, or probabilistic values to
quantify the probability of having certain associ-
ation. On examining a single node in the graph,
we find that it links with multiple neighboring
nodes through the edges with input (manifesting
the incoming edges of that node) or the edges
with output (indicating the outgoing edges of
that node). The fraction of the realized edges
among all possible edges defines the connectivity
of a pathway. In genomic studies, we need to
identify the nodes (metabolites, proteins, genes)
of a pathway as well as the edges (the depend-
ences among these nodes) from the data for all or
a large amount of the annotated or predicted
genes of a genome. Szathméry et al. [77 demon-
strated two aspects of genomic complexity: one
is the number of genes (nodes) and the other is
the connectivity of genetic regulatory networks.
Weng et al. [g] investigated the complexity in
biological signaling systems. They illustrated
that complexity may arise from the large number
of components (nodes in graph), many with iso-
forms that have partially overlapping functions;
from the connections among components
(edges); and from the spatial relationship
between components (nodes or edges). Many
types of genomic data (e.g., gene expression
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data) are the result of the combinatorial effects
from many cellular pathways. Therefore, the
process of constructing a biological pathway
using such data is to identify a specific pathway
from a complicated web of highly connected
biological pathways. These functionally con-
nected pathways can be genetic regulatory net-
works, metabolic pathways, and signal
transduction cascades.

The first task in pathway reconstruction is to
define a specific pathway for analysis. The com-
plicated structure of biological pathways requires
the definition of a pathway with a certain degree
of abstraction. In principle, all the pathways are
functionally related to support cell activities.
However, it is commonly assumed that cellular
functionality of pathways can be partitioned into
a collection of modules, where each module is a
discrete entity of several elementary components
and performs an identifiable task, separable from
the functions of other modules [9-14]. Ravasz et al.
5] studied the metabolic pathways of
Escherichia coli and identified the hierarchical
organization of the modularity of the metabolic
pathways. The hierarchical structure of func-
tional modules in pathways directly leads to dif-
ferent degrees of nesting in those pathways.
Gagner et al. [16] applied hierarchical analysis of
dependency in E.coli metabolic pathways to
define individual pathways. However, the inter-
actions between pathways [g] and the existence of
protein isoforms lead to overlapping among func-
tional modules. This complexity makes it diffi-
cult to mathematically define a pathway separate
from other pathways, and expert knowledge may
be needed to better define pathways of interest.

In addition to defining specific pathways for
analysis, we also need to understand the topolog-
ical properties of biological pathways. Many of
the complex biological pathways share global sta-
tistical features: the modularity of the network
topology (highly clustered connectivity), and the
‘small-world’ property that is characterized by
short paths between any two nodes. Recent
research showed that the metabolic pathways
have a scale-free topology, where the probability
that a substrate can react with k other substrates
decays as a power law P(k) ~k* with y = 2.2
[17,18]. Wagner [19] reported that the protein—pro-
tein interaction networks are also scale-free and
follow the power law. Maslov and Sneppen [20]
quantified the correlations between the connec-
tivity of interacting nodes (proteins in
protein—protein interaction network or genes in
genetic regulatory network). They observed a

REVIEW

power law relationship between the connectivity
of the interacting pair of nodes for both the
protein—protein interaction and genetic regula-
tory networks. They found that in both interac-
tion and genetic regulatory networks, links
(edges) between highly connected nodes are sys-
tematically suppressed, whereas those between
highly connected and lowly connected pairs of
nodes are favored.

Besides the investigations on the global prop-
erties of biological pathways, scientists have also
studied the basic units of biological pathways.
Milo etal. [21) identified the ‘network motifs’
from the directed networks. They applied their
methods on the genetic regulatory networks of
yeast and E. coli and found that the network
motifs are present in both organisms: a three-
node motif termed ‘feedforward’ loop and a
four-node motif termed ‘bi-fan’. These network
motifs appear numerous times in the real net-
work, and they are much more frequent than
what is expected in a randomized network. Lee
etal. (22 identified six genetic regulatory net-
work motifs and presented an automated process
of using the network motifs to assemble the tran-
scriptional regulatory network structure. Papin
et al. [23] used the extreme pathways (a unique
minimal set of vectors) to completely character-
ize the steady-state capabilities of genome-scale
metabolic networks. Based on the extreme path-
way matrix and the stoichiometric matrix of the
network, the reaction participation and the
extreme pathway lengths can be computed.
Those attribute values serve to elucidate system-
atic biological features.

The dynamic characteristic of biological path-
ways also contributes to the complexity of bio-
logical pathways. Although we currently ignore
the detailed kinetics of biochemical reactions or
transport mechanisms, we cannot avoid the
dynamic feature of biological processes. Bhalla
and lyengar [24] indicated that the properties of
signaling cascades, such as the feedback loop,
likely support the ‘learned behavior’ of the bio-
logical system through intracellular biochemical
reactions. Therefore, an external signal that acti-
vates the cellular responses may lead to a series of
transient states of the biological pathways. It is
important to understand which or what tran-
sient states are captured by the available genomic
data. Therefore, the observed genomic data are
not only the end products of the combinatorial
effects from all the pathways but also are time
dependent. This transient effect should be taken
into account in pathway analyses.
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Various types of genomic data

Recent technological advances allow us to col-
lect many different types of data at a genome-
wide scale, including DNA sequences, gene and
protein expression measurements, protein—pro-
tein interactions, protein structural information,
protein-DNA binding data, protein localiza-
tions, and chromatin structures. Previous
knowledge on biological systems, such as path-
way information, and gene functions are availa-
ble from many databases (e.g., Swiss-Prot, Gene
Ontology [GO], and Kyoto Encyclopedia of
Genes and Genomes [KEGG]). Although all
genomic data elucidate the large-scale modular
organization of the cell, the information embed-
ded in each data type reveals different aspects of
cell activities, for example, different types of the
biological pathways:

» Gene expression data more directly reflect the
outcomes of transcription regulation and met-
abolic activities under a certain condition.

 Protein—protein interaction data and protein
structure data are important to study signal
transduction pathways or the formation of
protein complexes.

e Protein-DNA binding data are critical to
investigate genetic regulatory networks.

 Protein concentrations as a property of gene
products can be associated with any data types
in the analyses.

In addition, protein and DNA sequences, and
accumulated knowledge on biological pathways
and gene functions are also essential to build
pathways.

Note that the genomic data are collected under
various experimental designs. Large-scale gene
expression data can be designed to measure the
difference among organs/tissues, the responses to
different experimental conditions, or the progres-
sion of certain biological processes over time. The
utilization of those data in pathway analyses
deserves additional attention so as to extract the
most relevant information on pathways.

It is common, however, that experimental
genomic data sets often contain errors due to
imperfections in the applied technologies. The
noise of genomic data plus the transient
aspects of biological pathways add more uncer-
tainty in the analysis and understanding of bio-
logical pathways.

Modeling approaches
Because of the significance of pathway recon-
struction in understanding biological systems,

especially its application in drug discovery, sci-
entists from multiple disciplines have made
great efforts to develop computational methods
to reconstruct pathways using various genomic
data. The reconstructed pathways should pos-
sess similar properties to real biological path-
ways at both the global (scale-free and
modularity) and local (network motifs) scales.
In this section, we first review clustering meth-
ods as they have been widely applied in gene
expression and pathway analyses. Following the
discussion of clustering methods, we cover top-
ics in the order of resolution and determinism
of the network models: scale-free networks,
Bayesian networks, Boolean networks, and sys-
tem of differential equations. Specific issues,
such as the uncertainty involved in the Boolean
networks and the dynamic property of the Baye-
sian networks, are also discussed under each net-
work subsection. Finally, we discuss methods
based on integrating various types of data to
infer biological pathways.

Clustering methods

Cluster analysis is one standard statistical pattern
recognition method. Its goal is to group individu-
als in a population to discover the structure in the
data. In genomic studies, clustering methods are
often used to identify gene groups that are highly
co-expressed over a large number of experiments
(e.g., Eisen et al. [25]). It is generally accepted that
genes in the same expression cluster tend to share
similar biological functions (e.g., Wen et al. [26]).
The direct applications of gene expression clus-
tering (D’haeseleer et al. [277) are:

* to study the upstream sequences of the genes
in the same expression cluster to identify
shared sequence patterns that are likely to be
regulatory motifs

* to infer functions between the annotated and
predicted genes in the same cluster

« to distinguish cell or tissue types using the
genes defining the clusters as the molecular
signature

In pathway analyses, the first application will
potentially provide the nodes (the genes sharing
similar regulation) in a regulatory network. The
second application needs to be combined with
other genomic information, such as functional
annotation and known pathways, to assist path-
way analysis. In any case, it is apparent that clus-
tering methods alone do not lead to an
understanding of the intricate relationships
among all the genes in a pathway.

Pharmacogenomics (2004) 5(2)



www.pharmaco-genomics.com

Ideker et al. [3] integrated genomic and pro-
teomic analyses to investigate a metabolic net-
work in yeast. They found that genes linked by
physical interactions in the network tend to have
more strongly correlated expression profiles than
genes chosen at random. However, such correla-
tion is weak (e.g., Jansen et al. [261). The network
interactions that likely transmit a change in
expression from one gene (or protein) to another
may be more easily identified by the group of
highly co-expressed genes. Therefore, genes in
one cluster that are highly co-regulated may not
be in the same pathway. Nevertheless, the rich
information in gene expression clusters can be
integrated with other genomic data to discover
or refine biological pathways (e.g., [2,3]).

Despite the limitation of using gene expres-
sion clusters to infer biological pathways, the
clustering methods may extract valuable infor-
mation from the genomic data. In practice,
essentially all clustering methods have been
applied to gene expression data to identify gene
and experimental clusters, including:

« hierarchical methods [25,26,29,30]

e the sum-of-squares methods, such as the
K-means method [31,32], the fuzzy K-means
method [33], and the self-organized maps [34,35]

¢ the multivariate mixture models [36]

¢ the mixed-effects models [37]

Among these methods, the most frequently cited
work is by Eisen et al. [25] who applied a standard
agglomerative hierarchical clustering algorithm
to yeast gene expression data. Their software,
Cluster and Treeview, has many clustering and
visualization functions. In many clustering algo-
rithms a dissimilarity matrix is first calculated
from the pairwise distances between genes,
where the distance can be defined in many ways,
for example, the Euclidean distance or (1-r),
where r is Pearson’s correlation coefficient.
Because of the differences in distance measures
and clustering algorithms, different clusters may
result from the same genomic data. In fact,
results from various clustering methods have
been used to better annotate genes [3s]. Another
application of the clustering method is to cluster
the metabolites in metabolic pathways based on
their connectivity. The details are discussed in
the next subsection. As for the robustness of the
clustering results using the gene expression data,
Zhang and Zhao [39] performed sensitivity analy-
ses on hierarchical clustering algorithms to two
large-scale data sets to identify clusters that are
more reliable than others. Similar ideas have
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been proposed by other groups (Kerr and
Churchill (403, and McShane et al. [41]).

Clustering methods can be improved to better
identify co-expressed gene groups as COo-expres-
sion is defined in the context of the set of experi-
ments being performed. If the objective is to
investigate gene responses under a subset of con-
ditions, the clustering results may be quite differ-
ent from those using all the experimental data.
As there are many different ways to partition the
overall set of experiments, it is not a trivial mat-
ter to piece together clustering results under dif-
ferent sets of conditions to extract information
in the identified gene clusters to infer gene func-
tions, and to infer biological pathways.

Scale-free networks

Investigation on the topology of various biolog-
ical pathways revealed that genetic regulatory
networks, metabolic pathways and
protein—protein interaction networks (closely
related to signal transduction cascades) all have
the scale-free property.

A network (G) can be represented by a graph
with a set of nodes (V) and the links or edges (E)
that connect the nodes (G=(V, E)). The
number of nodes connected to a given node
indicates the degree of the connectivity of that
node. In a scale-free network, the frequency of a
node with k degree of connectivity follows a
power law, and such a relationship is kept
throughout various scales of the network.
Although most work on the scale-free network to
date is concerned with the global property of
biological pathways, some research groups have
gone beyond examining the overall topology to
study the genesis of such topological structures.

Ravasz et al. [15) showed that the hierarchical
modularity is intrinsically embedded in the
scale-free network of metabolites. They demon-
strated that the clusters of metabolites on the
basis of their connectivity in the network poten-
tially encode their biochemical similarity. This
method was then used to dissect metabolic
pathways. Again, the uncertainty encountered
in the clustering analysis is also present in this
type of analyses.

Rzhetsky and Gomez [42] suggested a stochas-
tic model to generate a genetic regulatory net-
work on the basis of the annotated DNA motifs
and protein-binding domains. They obtained a
unique list of genes and connected these genes
according to their DNA motifs and the binding
domains in their gene products — proteins. They
assumed that each gene or gene product contains
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one upstream ‘domain’ and one downstream
‘domain’. The dependence between any pair of
genes was represented by the edges pointing
from the upstream ‘domain’ of one gene or gene
product to the downstream ‘domain’ of the other
gene or gene product. They assumed that the ini-
tial network underwent an evolutionary process,
where the duplication of domains and the inno-
vation of the edges were considered to realize
more possible DNA-protein bindings. The
resulting network shares the statistical scale-free
properties with real genetic regulatory networks.
This scale-free property allows the estimates of
model parameters obtained from the minimiza-
tion of the model error between a subnet of the
model network and the limited known genetic
regulatory network, to be utilized in the predic-
tion of the entire network. Thus, Rzhetsky and
Gomez's network model is capable of both esti-
mating the model parameters (the domain dupli-
cation constant and the edge innovation rates)
and predicting unknown DNA-—protein binding
based on known genetic regulatory networks.
This model, however, mainly captures the scale-
free structure of the genetic regulatory network.
It is easy to see that the completeness of the sub-
net of the known genetic regulatory network will
significantly affect the estimation of model
parameters. The assumption on the constant
evolutionary parameters for different genes or
gene products also limits the model’s ability to
accurately identify important genes in genetic
regulatory networks. In addition, there was no
discussion on integrating other available
genomic data, such as protein—protein interac-
tion data, to provide more information in the
inference of genetic regulatory networks.

To date, work on the scale-free network has
mainly emphasized the connectivity distribution
in biological pathways. The application of hier-
archical clustering methods on the network con-
nectivity can reveal the modularity of the
biological network to a certain degree, and these
properties have been evaluated at the global net-
work level. However, global analysis does not
lend itself to discover local information on each
specific biological pathway, which is the central
focus for biologists.

Bayesian networks

As discussed above, all biological pathways have
two topological properties: the modularity and
scale-free properties. The topological modular-
ity may indicate certain functional modularity
of the networks. Some graph-based networks

models, such as the Bayesian and Boolean net-
works, were utilized to directly capture the
functional modularity of complex biological
systems. The local information of the network
plays the key role in building both network
models. The Boolean network is a deterministic
model, whereas the Bayesian network is an
explicit probabilistic network model. Both
Boolean and Bayesian network models delineate
more local properties than the scale-free net-
work model, hence they are more relevant in
biological inference than the scale-free network
model. In this subsection, we focus on the Baye-
sian network model.

In Bayesian networks, the nodes are treated as
one set of n random variables X = {X,,..., X.}.
The configurations of the variable set (x = {x,,
Xp,.++, Xo} @nd x; is the value of the random varia-
ble X; at the given system state) define the domain
of the Bayesian network. The variables are con-
nected with directed arcs, which point from the
parent variables to the child variables. The set of
variables X and the arcs linking the variables con-
sist of the structure of the Bayesian network S.
The child variables are conditionally independent
given the parent variables. Hence, the structure S
encodes the conditional independence assertions
about the variables in X. For each variable in X,
there is a local probability distribution p(x;|pa;), to
quantify the conditional probability of the varia-
ble value given its parent variables. In summary, a
Bayesian network (G) can be represented using a
directed graph with certain structure S and local
probability distribution P, that is G =(S, P),
where S = (X, E) and E represents the directed
links or arcs; and P = {p(x;|pa;), i=1,..., n}. An
excellent review on the Bayesian network was
written by Heckerman [43].

For a given Bayesian network (G = (S, P)), the
joint probability distribution for a certain con-
figuration (x) of X describes the probability of
observing x from the given Bayesian network.
This joint probability distribution for X can be
simplified by the conditional independence
among X as:

n
p(x|G) = [T p(xi|pa)
i=1
From the above definition, the Bayesian network
has the following features:

» The uncertainty is explicitly considered in the
Bayesian network.

e The embedded conditional independence in
the structure S allows a partition of the large
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computation on the entire network into small
portions of the network.

« The probability of observing x given the Baye-
sian network (G) can be computed, therefore
the Bayesian network model can be used for
prediction based on the previous observations.

The probabilities encoded by the Bayesian net-
works may be interpreted as Bayesian probability
if the prior knowledge is incorporated in the esti-
mation, or the physical probability if the proba-
bilities are estimated only from data. In the
modeling of biological pathways, there usually is
some prior information available. A Bayesian
approach coupling with the Bayesian networks
model for the biological pathways allows us to
combine prior information and the observed
data, and provides a principled approach to
learning relationships among variables and local
probability distributions. Hence, we focus on the
Bayesian approach in the following paragraphs.

In learning biological pathways using the
Bayesian networks model, there are two general
cases:

 learning the local probabilities P from a
known structure S of the proposed Bayesian
networks model

« learning both the local probabilities P and the
structure S of the proposed Bayesian network

For the case with a given structure S, the poste-
rior distribution of the unknown local probabili-
ties, denoted as 0, is used to evaluate the learned
local probabilities:

n G

peID,S) =TT [I p(eij

i=1j=1

D, S)

In this formula, each variable X; has g; sets of pos-
sible configurations of its parent variables, 6;
denotes the local probabilities corresponding to
each set of configuration of its parent variables
and is the posterior distribution of 6; with
respect to r possible configurations of variable X;
({Xiz, Xizs---» Xir})- The above equation implies an
assumption of mutual independence among
parameters ©;; for j=1,...,q;. Although this
assumption is quite strong, similar assumptions
have been adopted in the Bayesian network mod-
eling to reduce the complexity of the system.
When both the structure (S"; where h stands
for ‘hypothesis’) and the local probabilities (P) are
unknown, learning the structure is usually the
goal and the local probabilities can be treated as
the nuisance parameters. Given the observations,
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the posterior of the network structure is used to
evaluate the learned Bayesian network:
p(S"|D) =< p(S")p(D|F")

In this formula, the network prior p(S") can be
specified. The conditional likelihood p(D|S")
may have the closed form for the complete and
discrete data, but the Monte Carlo methods or
the Guassian approximation may need to be
employed for incomplete data. The effect of the
nuisance parameters 6 is omitted through the
integration for the marginal likelihood. The
integration can be carried out either through the
Monte Carlo methods or the Guassian approxi-
mation. In the Monte Carlo methods, the mar-
ginal likelihood is calculated as:
p(D|S") = p(O]SHP(D|0.8")
p(6|D.S"

where the prior of the unknown parameters 6
(p(BIS")) can be specified, the likelihood of a
given Bayesian network (p(D|06,S") can be
assessed directly from the Bayesian inference,
and the denominator term (p(6|D,S") can be
computed using Gibbs sampling. In the Guas-
sian approximation, the likelihood function can
be evaluated in a closed form:

p(D[S") = [p(D|6,S")p(0]S")do

In this formula, p(D]0,S"p(0|S") is assumed to
be a multivariate normal distribution.

When we use the Bayesian network to model
a biological pathway, we can either assess the
behavior of a given Bayesian network or learn the
probabilities (P) and/or the structure (S) of the
network. To assess the behavior of the network,
all the configurations of the random variables
can be described through a set of joint probabili-
ties of the network. The set of the variable con-
figurations with the highest joint probability
indicates the most likely outcome or ‘behavior’
of the network. This is a forward problem to
simulate the behavior of the network. To identify
a biological pathway, however, is to learn the
local probabilities and/or the structure of the
Bayesian network from the given observation D.
This becomes an inverse problem. The posterior
probabilities for the unknowns are used to evalu-
ate the learned Bayesian network with respect to
the observation D. When both the local proba-
bilities and the structure have to be identified,
the posterior probability of the unknown struc-
ture needs to be evaluated using the above Baye-
sian approach with respect to all possible
network realizations and the variable configura-
tions. The model with the highest Bayesian score
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(e.g., the posterior probability for a hypothetical
structure S of the network) is chosen to be the
learning results. However, an exhaustive search
over all realizations of the structure (which is to
an exponential order of n) combining all config-
urations of the variables is an NP (non-deter-
ministic  polynomial time)-hard problem.
Therefore, researchers have proposed heuristic
search algorithms, including greedy search,
greedy search with restarts, best-fit search, and
Monte Carlo methods. The application of Baye-
sian network involves model selection or selec-
tive model averaging. Both methods will guard
the model network from overfitting of data.

Friedman et al. (441 demonstrated the use of
the Bayesian network to recover gene interac-
tions through the analysis of yeast microarray
data. Hartemink et al. [45,46] used the Bayesian
network to infer biological pathways through the
incorporation of latent variables and applied the
selective model averaging method to score each
Bayesian network. They evaluated a galactose
system with three variables to distinguish two
biologically meaningful hypotheses. However,
there is no feedback in the Bayesian network
framework and the common existence of cyclic
biological pathways also challenges the applica-
tion of the Bayesian network. Smith et al. [47]
simulated the complex biological system using
their NETWORK-INFERENCE algorithm.
Their algorithm is based on the dynamic Baye-
sian network. The dynamic process of the Baye-
sian network follows the Markov chain. The
transition probabilities are time independent.
They model the cyclic paths as the different
states of the Bayesian network at the adjacent
two time-steps t and t+At. Ong et al. [4g] also
applied the dynamic Bayesian network to
explore time-course expression data.

To a certain degree, some understanding on
the biological pathways has been gained using
the Bayesian network model. In addition to the
computation difficulty in identifying a Bayesian
network and the difficulty caused by the pres-
ence of incomplete data, one critical limitation
of this approach is that many Bayesian network
realizations can have equivalent joint distribu-
tions and this simple fact directly limits the
application of the Bayesian network model for
the purpose of the biological causal inference. As
stated by Heckerman ‘Given the causal Markov
condition, we can infer causal relationships from
the conditional independence and the condi-
tional dependence relationships that we learn
from the data’ [43). In the case for studying

biological pathways, the causal Markov condi-
tion is unclear. The lack of causal inference from
the conditional dependence/independence of the
Bayesian network indicates that the biological
pathway modeled by the Bayesian network may
be unidentifiable. In addition, all observations
are assumed to stem from the same distribution,
which clearly cannot model the dynamics of bio-
logical systems as well as responses to environ-
mental perturbations. Although the dynamic
Bayesian network may partially address these
problems, the computational and theoretical
implications of extension to more general mod-
els require further investigation. It has been
reported in the literature [45] that the Bayesian
network methodology was able to correctly iden-
tify the true biological model from two compet-
ing hypotheses, however, it became clear that this
particular analysis was driven by 2 outlying
observations from a total of 55 observations
(H Zhao and B Wu, unpublished results). The
Bayesian networks also failed to detect the galac-
tose pathway from genomics data reported in
Ideker et al. (3. Furthermore, when a dynamic
Bayesian network was applied to time-course
data in Drosophila [49], it failed to identify the
correct transcriptional regulatory network
among three genes showing expression patterns
clearly consistent with known biology (H Zhao
and B Wu, unpublished results). A closer inspec-
tion of the cause of dynamic Bayesian network
failure shows that the stationarity assumption
underlying this approach may be too strong and
inappropriate. Our experience with Bayesian
networks and dynamic Bayesian networks sug-
gests that a considerable amount of work needs
to be done to improve current methods before
meaningful results can be reliably extracted from
genomic data.

Despite these issues, it is possible that associa-
tion information among genes may be
abstracted from data using the Bayesian net-
works model. However, it remains questionable
whether the Bayesian networks model is the best
modeling approach to extract associations
among the variables. To be more specific,
whether the directed graph itself is necessary in
identifying the associations among genes?
Bayesian statistical models, without invoking
network structures, can also combine prior
information and data, avoid overfitting the data,
and detect the dependences/independences
among the variables. In addition, it avoids the
large complexity coupled with the network
structure. Therefore, using the Bayesian
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network for gene association studies does not
appear to be an attractive approach.

Boolean networks

In contrast to the Bayesian network, a Boolean
network is a deterministic network model. It
reveals the logic relationship between one node
and its surrounding nodes. The state of each
node is determined by a series of k other nodes.
The parameter k is called the in-degree of the
node. These k neighboring nodes, following cer-
tain rules or logics (the Boolean functions), con-
trol the binary state of the node (On or Off state,
recorded as 1 or O, respectively). In the standard
Boolean network, there is one set of n nodes and
one set of n Boolean functions. The graph G for
the Boolean network is presented by G = (V, f).
The V (V ={X;;i=1,..., n}) is the list of nodes.
The f (f={f; i=1,...,n}) is the vector of
Boolean functions (f). In a given Boolean net-
work, the known Boolean functions (f) are used
to update the states of all n nodes at time t+1
from their previous states at time t. The node
states of the network define the state of the sys-
tem. The state of the system evolves across time.
Thus, the Boolean network is used to realize the
dynamic behavior of the network. The long-
term dynamics of a Boolean network leads the
network to re-enter one of the previous state pat-
terns of the system. This periodic state cycle of
the Boolean network is called an attractor. The
set of system states consists of an attractor of the
system, called a confluent. For each attractor, the
final cycle can be reached starting from any state
in its confluent. Multiple attractors may exist for
one Boolean network. No system state presents
in more than one attractor. Therefore, each
attractor of the network is behaviorally isolated
from the others.

Akutsu et al. [s0] discussed four typical prob-
lems involved in the Boolean network: consist-
ency, counting, enumeration, and identification.
Given a set of Boolean functions and the initial
states of the nodes (the input of the network),
the output of the Boolean network is deter-
mined. The consistency between the Boolean
network and the observed output of the real sys-
tem can be evaluated. This is the consistency
problem. When there exist more than one set of
Boolean functions supporting the consistency of
their Boolean network realizations to the real sys-
tem, the count of these Boolean networks forms
the counting problem. The enumeration prob-
lem is to output all the possible Boolean net-
works that are consistent with the real system.
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When the configuration of the Boolean network
is unknown, the set of Boolean functions (f)
needs to be identified from the Input/Output
pairs of observations on the states of all nodes.
The encountered identification problem is to
determine whether there exists only one unique
set of Boolean functions to consistently describe
Input/Output pairs of the real system. Akutsu
and colleagues [s01 proved that a number of
O (2%(2k+) log,,) of uniformly and randomly
generated Input/Output pairs is sufficient for the
identification of the unique Boolean network.
However, for the time-course data, the Output
at time t serves as the Input at time t+1. If the
time-course data follows the dynamics of the
Boolean network, the time-course data will tend
to reach an attractor state after a long run.
Therefore, Akutsu etal. [so] argued that such
data are basically from one pair of Input/Output
data and not enough to identify the unique
Boolean network. Hence, a large amount of data
from independent perturbation experiments is
necessary to identify large-scale networks.

The Boolean network was originally intro-
duced to model the biological system more than
30 years ago [51-53]. In this model, the genes are
assigned as the nodes of the network. The states
of the genes are binary (0 for OFF and 1 for
ON) representing the presence and absence of a
gene expression. The edge indicates the activa-
tion or inhibition of one gene to another. The
edge information is summarized in the Boolean
function associated with each node, which repre-
sents a combined effect from its surrounding
nodes following the Boolean rules (AND, OR,
Exclusive OR, and Not). Liang et al. 54] devel-
oped the REVerse Engineering ALgorithm
(REVEAL) to build the network according to
the states of all nodes. They used mutual infor-
mation to determine the rules for the node with
k degrees of connectivity. The search was
repeated with the increasing value of k. Yuh et al.
[1 investigated the cis-regulatory logic in the
upstream sequences of a sea urchin gene:
endo 16. The seven modules (G to A) were mod-
eled as the nodes. Their quantitative model suc-
cessfully uncovered the logic interactions among
these modules. However, real biological path-
ways contain large uncertainty, the inherent
determinism of the standard Boolean network
tends to overfit biological data. This becomes
one salient limitation of the Boolean network in
describing real networks.

Akutsu et al. [s5] presented a Boolean network
with noise. They assumed the Boolean function
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is held with a certain probability in the noisy
Boolean network. Shmulevich etal. [5657]
applied the Probablistic Boolean Network
(PBN) to reconstruct the genetic regulatory net-
work using gene expression data. In PBN,
G=(V, F), V is similarly defined as in the
standard Boolean network F={F; i=1,..., n}.
Due to the imprecision in experimental data,
they allowed a random selection between several
Boolean functions (F;) instead of choosing one
single Boolean function (f; in the standard
Boolean network) for each node. The total
number of the realizations of the network N
equals to T17_, 1. In this formula, l; is the
number of Boolean functions in F; for node i. All
the network realizations can be represented in a
K matrix with rows corresponding to network
realization and columns corresponding to the
nodes, and the element indicating the identity of
the Boolean function used for the specific node
in the particular network realization. Based on
the truth table of all the Boolean functions, the
K matrix, and the network probability, one can
obtain the state transition matrix A. The simula-
tion on the prediction of all the networks in
K matrix can be performed. The output of the
system can be estimated from the input states of
the Boolean network and transition matrix A.
The coefficient of determination (COD) [s8] can
be used to measure the degree to which the tran-
scriptional levels of an observed gene set can be
used to improve the prediction of the transcrip-
tional level of a target gene relative to the best
possible prediction in the absence of observa-
tions. The COD value determines the weights of
selection of these Boolean functions. Finally, the
probabilities of different network structures can
be calculated based on the selection probabilities
of the Boolean functions in that network realiza-
tion. In their model, Shmulevich et al. also dis-
cussed using simulations to reveal the dynamics
of the PBN and the identification of the signifi-
cant genes in the selected PBN.

When the data have no ‘noise’, the standard
Boolean network can successfully capture the
functional modularity of the network. The
Boolean functions inherit the logical determin-
ism and represent a clear causal inference.
However, this determinism is a serious limita-
tion in pathway reconstruction when the ‘noisy’
genomic data are utilized. The PBN model
averages the networks models by assigning the
Boolean functions with different selection
probabilities. This approach reduces the over-
fitting of the ‘noisy’ data so that it relaxes the

rigidity from the determinism of the Bayesian
network. The causal inference is statistically
embedded in the selection probabilities of the
Boolean functions for each node. However, the
introduction of the selection probabilities of
the Boolean functions for each of n network
nodes leads to a significant increase in compu-
tational complexity. More importantly, the
identifiability of the PBN has not yet been
theoretically addressed.

It seems that we encounter a dilemma here in
that the implicit or explicit introduction of the
probability into the network structure will
avoid the overfitting of the noisy data so that
the network model can be learned from these
noisy data, but at the same time, it may limit us
from making causal inference from the annota-
tion of the edges, arcs or links of the network
graph. Both the dynamic Bayesian network and
the Boolean network are designed to describe
the dynamic process. In the dynamic Bayesian
network, a Markov chain process is assumed for
the transition of the network along the time
coordinate. In the Boolean network, the
Boolean functions serve as the transition rules
of the network along the time coordinate. Both
transition functions are time independent,
which may not be true to describe the dynamics
of a biological pathway because it is controlled
by the Kinetics of the biochemical reac-
tions/interactions or mechanism of transport
among the chemical compounds. Although the
Boolean network has stronger causal inference
than the Bayesian network, both network mod-
els are less deterministic than the system of dif-
ferential  equations  describing  biological
pathways, especially in terms of capturing the
dynamic behaviors of the system.

System of differential equations

Although our goal is to identify the causal graph
of biological pathways, the dynamic effect of the
real network on the observed genomic data can-
not be totally ignored. Whether the imposed
dynamic behavior in the network models, such
as the Boolean and dynamic Bayesian networks,
is consistent with the reality may be revealed
from studies on the mechanisms of the pathway
dynamics. Since the associations or causal infer-
ences among the network variables or nodes rep-
resent biochemical reactions, physical inter-
actions, and/or transport of the chemical com-
pounds, each edge, arc or link can be further
annotated with a quantitative formula instead of
the annotation on the relationships. Normally,
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the quantitative formulae display the frame of
the differential equations. All the edges, arcs or
links of the network are then depicted as a sys-
tem of coupled differential equations.

The system of the differential equations can
be derived from the general properties of the sys-
tem, such as the mass continuity, or the more
accurate Kinetics of the biochemical reactions.
The differential system could be ordinary differ-
ential equations (ODESs) or partial differential
equations (PDEs), linear or nonlinear.

In genomic research, the system of differential
equations has been utilized to capture the
dynamics embedded in the time-course data.
The ODEs are mainly used to describe time-
dependent Kkinetics, whereas the PDEs also
include the spatial effects so that the latter sys-
tem can also reveal transport mechanisms like
molecular diffusion. Although De Jong [s] dis-
cussed the PDE as one possible model for recon-
structing biological pathways, there is no report
on the successful application of PDE on recon-
structing genetic networks using genomic data.
The ODE systems have several applications, and
they can be classified as linear or nonlinear ODE
systems. One general formation of a linear sys-
tem was given by Gardner et al. [59]:

dx _

pra Ax+u
In this formula, the states of the nodes in the
network have continuous values and are stored
in the vector x. The vector u represents the exter-
nal effects on the system (like ‘sink’ or ‘source’
terms). The matrix A is the network model.
With suitable perturbations, the positive or neg-
ative effects among the nodes can be identified.
Several other studies also adopted similar linear
differential equation models [27,60. However, the
kinetics of the biological reactions is limited to
first-order reactions in the linear ODE model,
and real systems may be much more complex.

Savageau [61-65] proposed the multivariate
power-law functions (the S-system) to approxi-
mate the kinetic rate laws of the reactions. The
S-system is a typical nonlinear ODE system. In
an S-system, the n variables consist of both the
dependent and independent variables, and the
kinetics for the i™" variable (x;) is represented as:

dx. " g " h.
d_tl =o[] ng”_Bi I1 Xj”
i=1 i=1
In this formula, o and ; are the Kinetics rate
constants, and g;; and h;; are the kinetic orders.
Voit et al. [s6] have developed such a system to
interpret the glycolysis gene expression pattern
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of heat-shocked yeast. Kikuchi et al. 677 studied
the S-system of Hlavacek and Savageau [s8] and
applied the genetic algorithm to estimate the
model parameters through the optimization
steps. Their goal was to extend the S-system for-
malism to a relatively larger scale of the path-
ways. The graph realization of the genetic
network can be retrieved from the stoichiometric
matrix underlying the S-system. For a network
with n variables, there are O(2n+2n2) parameters
in the model. The identification problem of such
a system is rather difficult. How to avoid the
local minimums in searching the parameter
space and how to overcome the stiffness of the
differential system are also major difficulties in
the applications of the ODE model.

Because of the above difficulties in applying
the S-system, it has been mainly used to simulate
the behaviors or refine the structure of the well-
understood metabolic pathways (e.g., see [69-72]).
The computational outcome of the system can be
compared to the time-course experimental obser-
vations. Since there is a lack of direct measure-
ments on metabolites or pathway fluxes in
genomic studies, gene expression data from per-
turbed or time-course experiments were used in
the above studies. However, gene expression data
mainly reflect the end products of gene regulation
and metabolic activities, and there exists a big gap
between gene expression and protein expression,
and furthermore, the activity of the enzyme pro-
teins, which control the kinetics of the reactions.
In fact, our recent studies on the Calvin cycle of
Arabidopsis showed that the gene expression data
contain some sensitivity information on the regu-
lation potential of enzyme genes in the specific
pathway [73]. However, the sensitivity informa-
tion was not explicitly present in the gene expres-
sion data, neither did it directly reflect the
structure of the metabolic pathway.

Owing to the unknown pathway structure
and higher degree of complexity than graph
mapping in the differential equation system,
the large-scale genomic data containing the
most relevant information on the biological
pathways are required. Gene expression data
alone are not sufficient to reconstruct such a
complex system. Even if the large-scale enzyme
activities or pathway fluxes were measured, the
large number of Kinetics parameters that are
required to be estimated coupled with possible
incomplete data would make the application of
the system of the differential equations to large-
scale genomic studies unrealistic. However, this
method could be the ultimate approach to
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discover and describe the dynamics of the path-
ways with a smaller scale study after enough
information is collected.

Data integration methods

Reconstruction of biological pathways is a proc-
ess of reverse engineering. Identifiability is one
main issue to evaluate the applicability of mathe-
matical models and computational methods.
The methods discussed so far have the following
order of determinism: the scale-free network
model can be used to capture the global proper-
ties of the networks, which can then be followed
by the indeterministic Bayesian network model;
the logically deterministic Boolean network
model; and, finally, to the quantitatively deter-
ministic differential equation systems in order to
uncover the dynamics of the pathways. Note that
these different network models are suitable for
different kinds of genomic data, and the
extracted information reveals different aspects of
biological pathways. Therefore, data integration
is an essential part of biological pathway recon-
struction, and many published studies have
employed this approach in order to better under-
stand biological pathways.

Roberts et al. 21 combined their expert knowl-
edge and gene expression pattern to reveal the
signaling and circuitry of multiple mitogen-
activated protein kinase (MAPK) pathways.
Ideker et al. [3] more explicitly demonstrated an
integrated approach of building, testing and
refining galactose utilization (GAL) by adopting
a genetic model for GAL based on prior knowl-
edge, and qualitatively integrating the informa-
tion from the global networks of protein—protein
interaction, protein—-DNA binding, and other
known physical interactions with gene expres-
sion data of various biological perturbations.
Davidson et al. [4] derived a genomic regulatory
network for development from large-scale per-
turbation analyses, in combination with compu-
tational methodologies, cis-regulatory analysis,
and molecular embryology. It is obvious that
such analyses required a great deal of expert
opinions, genomic data analyses, and model real-
izations. A data integration model should inherit
the basic idea of these inductive and heuristic
analyses, and properly symbolize knowledge-
based information and automate the induction
procedures. With a model, one can also perform
predictions and simulations to explore the global
as well as local properties of the pathways.
Through this approach, we can extract informa-
tion from known pathways to develop a

deduction framework for different types of net-
works, thus extending our knowledge of these.

Here we discuss the efforts toward building an
integrated model, including those in symboliz-
ing the descriptive expert knowledge on biologi-
cal pathways and those on modeling pathway
structures, to allow the incorporation of prior
information as well as the knowledge taken from
various types of genomic data.

Valuable expert knowledge on a given biologi-
cal pathway is usually made available through
large numbers of publications, and there have
been recent efforts to develop a computational
system to extract information from the literature.
For example, the Natural Language Processing
(NLP) technique has been developed to extract
such information [74. In NLP, a given string is
tokenized, the frequency or conditional fre-
quency distributions of particular tokens are
evaluated, and a list of related tokens are then
provided through certain methods (e.g., the
count method, the N method, or the maximum
method). The information is stored in a database
with a schema built under certain ontology. The
ontology defines the concepts representing
domain-specific entities and the relationships
among the concepts. The ontology allows the
complexity and the richness of domains stored
within a hierarchical tree. Such information is
useful to map biological pathways. Among the
many types of biological ontology, several target
bioinformatics studies include: the Molecular
Biology Ontology (MBO) [75], GO, and the
TAMBIS Ontology (TaO). MBO aims to con-
tain concepts and relationships that are required
to describe biological objects, experimental pro-
cedures and computational aspects of molecular
biology. GO narrows the scope to capture infor-
mation about the role of gene products within an
organism. TaO targets bioinformatics tasks and
resources. Since we seek to reconstruct biological
pathways, it is mainly at the cellular level. There-
fore, GO with rich information on genes may be
appropriate for this goal. EcoCyc [7e], however,
has developed its own ontology to structure the
domain entities (nodes of the pathways) and the
domain relationships (the potential edges of the
pathways) under the scope of its specific biologi-
cal questions. Through the structure of the Eco-
Cyc ontology, complicated biological relations
can be reduced to simple relationships, like acti-
vation and inhibition. The simplified relation-
ships can be represented by edges without
orientations. An initial model for a pathway may
be visualized as a two-dimensional map.
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Many other databases have been developed to
store biological pathways, including KEGG,
Swiss-Prot, Tremble, and Pathway Microarray
Processor for Arabidopsis (PathMAPA). The
node and edge information of the pathways are
retrievable by querying the database, and such
extracted information can be utilized for com-
putational modeling. Some databases also sup-
port visualization of predicted pathways using
various models. For example, Genetic Networks
Analyser (GNA) [771 applies the Boolean net-
work model to learn genetic regulatory net-
works from the gene expression data.
Cellerator™ (781 uses an ODE system to
describe single and multi-cellular signal trans-
duction networks. eXPatGen [79] is an online
gene expression pattern generator that allows
the users to simulate gene expression data and
systematically simulate data with observed data
to evaluate different models.

However, the more important step is the iden-
tification of model structures, which allows the
automatic incorporation of existing knowledge
and observed data. Since model identification is
an NP-hard problem, heuristic search following
biologically meaningful model selection rules is
necessary. The biological information can be
introduced as the prior or thresholds in model
selections, while the model should also have the
learning ability to gather new information from
genomic data. Gomez etal. [so] presented a
Bayesian approach to predicting protein—protein
interactions. The scale-free network is used to
describe the general topology of the overall net-
work. For a given network, the set of network
nodes can be decomposed into multiple bins in
which the topological property (in- and out-
degree) of all nodes is identical. In each bin, the
probability of a node having the given topology
is computed by a multinomial distribution. The
power law of the scale-free network is used to
estimate these probabilities. The represented
scale-free property of the network is directly
associated with the network nodes. For the same
given network, the probability of having an edge
between any pairs of proteins is evaluated by the
protein—protein attraction probability. To obtain
the protein—protein attraction probability, they
represented proteins as a collection of domains
or motifs, and transferred the domain—-domain
interactions to evaluate the protein—protein
attraction probability. Finally, the given network
is scored from both the probability of having the
scale-free topological property and the probabil-
ity of having individual edges based on
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protein—protein interactions. The author also
suggested the following Bayesian model to auto-
mate the entire searching procedure over the
network realization space:

P(network; |data) P(network;)

P(networki|data) =
Za” networks P(networki|data)P(networki)

This model structure combining powerful search
algorithms has strong learning ability. We believe
there is a great potential in this type of model in
reconstructing biological pathways.

Other than statistical learning models,
Boolean networks, Bayesian networks and deci-
sion trees all contain strong machine learning
capacity. In order to decide which model to use,
it is first necessary to decide what properties of
the network we would like to model and how
available data can be incorporated into the net-
work. For instance, gaining knowledge of the
network structure is no longer crucial if we are
mainly concerned with identifying pairwise
associations among the genes.

As for formal statistical analysis to integrate
different data types, most research has focused on
inferring protein—protein interaction networks
through various genomic data. For example, gene
expression data and DNA sequence data can be
utilized to better predict protein—protein inter-
actions [s1], and the inference can be further
strengthened by the integration of mutation data,
protein localization data, and ontology data [s2].
Gene expression data and DNA—protein inter-
action data have been combined to infer tran-
scription regulatory networks [g3].

Discussion on future studies

The above discussion demonstrates that many
efforts have been made to overcome the com-
plexity of biological pathways and to reconstruct
pathways from genomic data. However, there is a
lack of connection between the properties of
known biological pathways and the properties of
mathematical and computational models. The
modularity of biological pathways has been stud-
ied with respect to network connectivity, which
may refer to the functionality of modular path-
ways. The application of this property may lead
to the reduction of the complexity of biological
pathways by decomposing the network into
modules so that we can focus on modeling indi-
vidual modules.

There also lacks a connection between mathe-
matical models and available genomic data.
Much research has been conducted to model
genetic regulatory networks using gene
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Highlights

Most biological pathways share the global properties of the topology: the
scale-free network and the modularity. They also have the tendency of
having certain network motifs/modules.

The clustering method may capture the functional relationship among
genes but require other information to realize a network structure.

The scale-free network models are mainly based on the global properties
of the biological pathway.

Bayesian network models delineate the association among the genes,
robust to the noisy genomic data but lack clear biological causal inference.
Boolean network models are logically deterministic. They tend to overfit
the noisy genomic data so their application is limited.

The system of differential equations may uncover the dynamics of the
biological pathways. However, its application may be limited to well-
studied pathways involving a limited number of genes.

Data integration methods represent one of the most promising directions
for pathway reconstruction. Two major efforts had been made: one is to
symbolize the descriptive biological knowledge, and the other is to the
joint analysis of various data types.

Future work needs to emphasize the connection between mathematical
models and available genomic data, quantitative integration between
known pathway properties and various data types, and automatic
incorporation of descriptive biological knowledge into mathematical
models.
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expression data alone and some have achieved
great success, for example, Segal et al. [g4]. Given
the large noise in gene expression data, the deter-
ministic Boolean network model will fail for its
lack of robustness, and the Bayesian network
model will fail for its inherent identifiability
problem. In addition, recent studies show that
gene expression data provide weaker signals than
protein—DNA binding data when dissecting the
gene regulation pathways.

The third general deficiency in current model-
ing approaches is the lack of connection between
known descriptive knowledge and mathematical
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models. An efficient heuristic search algorithm is
important in extracting the pathway from the
observation. The symbolized or digitalized
known information from the literature may limit
the search domain of the mathematical models
greatly to reduce the computation burden.

Although we should develop mathematical
models to target certain biological pathways and
utilize data with the strongest signals, related
genomic data can also be used to refine the
model. There lacks a model structure with the
ability of incorporating both the known infor-
mation and the knowledge learned from other
genomic data.

The noisy genomic data leave us with a
dilemma in regards to choosing between a deter-
ministic model and a flexible probabilistic
model. We think a qualitative or a narrow
domain of the real biological pathway is the
main goal at the current stage. A probabilistic
model may be favored to sketch the pathway
structure, while a more deterministic model
may provide detailed information on the
smaller-scale pathways.

No matter what models we apply to recon-
struct the unknown biological pathways, the
pathways should preserve the global properties
of the biological pathways. The simulation tools
could play important roles in deducting latent
variables in the pathways, and eventual success
will come from integrated analysis and model-
ing of various types of prior knowledge and data

types.
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