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experimental results that all the four communities identi-
fied reveal strong structural and functional relationships
among member proteins. It provides a fast and accurate
way to find a community comprising a protein or proteins
with known functions or of interest. For those community
members that are not known to be part of a protein com-
plex or a functional category, their relationship to other
community members may deserve further investigation
which in turn may provide new insights.

Although we do not explicitly use our approach to the pre-
diction of co-complexed proteins, the results of compar-
ing with the PNR method developed by Asthana and
colleagues [32] have shown that the communities identi-
fied by our approach do include the top ranked candi-
dates of co-complexed proteins. Our approach does not
consider the quality of data in our downloaded data set.
By using the strong sense definition of community [33],
we could to some degree reduce the noises. However, to
improve the quality of an identified community, we have
to take into account the quality of data and that is another
part of our future work. One possible way is to use the
probabilities assigned to individual protein pairs as used
by Jasen et al [4], Radicchi et al [33], and Bader et al
[5,34].

In general, the state-space modeling method allows for
inconsistencies and potentially noisy data to be identified
and used to generate alternative computational hypothe-
ses for biomolecular networks. The method is tractable
and scalable because novel clustering methods are applied
to adaptively extract biologically significant sub-networks
for simulation and hypothesis testing. State space simula-
tion of hypothetical biomolecular network models is

compared with experimental data to select and refine
plausible hypotheses. We combine the simulation result
with the computationally derived meta-model to identify
key genes whose perturbation would generate the data set
that could most optimally differentiate between the alter-
native biomolecular network hypotheses. Consequently,
by uniting the system identification and simulation com-
ponents of the modeling procedure into an integrated
method, we can develop a cyclical flow from modeling
through experiments through updates to the global bio-
logical knowledge base. Such a flow is designed specifi-
cally to respond to the challenges of designing and
interpreting high-throughput experiments, which can in
the future evolve in concert with modeling and informa-
tion management.

Compared to previous models such as Boolean network
model [35,23,36] and difference/differential equation
[17,18], the proposed model (1) has the following charac-
teristics. Firstly, gene expression profiles are the observa-
tion variables rather than the internal state variables.
Secondly, from a biological angle, the model (1) can cap-
ture the fact that genes may be regulated by internal regu-
latory factor [37]. Thirdly, the model (1) takes the control
portion of state-space model into consideration. How-
ever, the proposed approach does have some shortcom-
ings, for example, the inherent linearity which can only
capture the primary linear components of a biological sys-
tem which may be nonlinear, and the ignorance to time
delays in a biological system resulting, for example, from
the time necessary for transcription, translation, and dif-
fusion. These shortcomings will be address in the future
work.

Methods
The data flow of our approach
The dataflow of our method is illustrated in Figure 8. A
novel scale-free network clustering approach is applied to
the biomolecular network to obtain various sub-net-
works. Then hypothetical state-space base model is gener-
ated for the sub-networks and simulate them to predict
their dynamic biological behavior. The modeling results
are verified against high-throughput data (microarrays
and/or genetic screens) for both the natural system and
perturbations. If computational results do not match
experimental or previously published results, then a new
hypothesis is generated and fed back to the data mining
and analyzing step to refine the biomolecular network for
the next iteration as a better convergence between contin-
uous modeling and experiments evolves. Notably, the
dynamic modeling component of this method depends
on the automated network structure generation of the first
component and the sub-network clustering, which are
both essential to make the solution tractable. The details
of steps are described in details in the subsequent sections

Plots of AIC with respect to the number of internal variables in the Thy-Thy3Figure 2
Plots of AIC with respect to the number of internal variables 
in the Thy-Thy3.
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SNBuilder are FindCore and ExpandCore. In fact, FindCore
(line 8 to line 14) performs a naïve search for maximum
clique from the neighborhood of the seed protein by
recursively removing vertices with the lowest in-commu-
nity degree until either 1) all vertices in the core set have
the same in-community degree (Kmin = Kmax, i.e. the result-
ing subgraph is a clique); or 2) all vertices except the seed
have the same in-community degree (a star-like structure).

The algorithm performs a breadth first expansion in the
core expanding step. It first builds a candidate set contain-
ing the core and all vertices adjacent to each vertex in the
core (line 16). A candidate vertex will then be added to the
core if it meets one of the following conditions (line 21):
1) its in-community degree is greater than its out-commu-
nity degree, i.e. the quantitative definition of community

in a strong sense (  > ); 2) its affinity coefficient is

greater than or equals to the affinity threshold f.

We define the affinity coefficient of a vertex to a network
as the fraction of its in-community degree over the size of

the network excluding the vertex itself (  (D)/(|D|-1)).

We introduce the affinity coefficient and the affinity
threshold f to provide a degree of relaxation when expand-

ing the core, because it is too strict requiring every expand-
ing vertex to be a strong sense community member. Even
though a candidate vertex may not have an in-community
degree larger than out-community degree, it may connect
to all (or even most of) other members of the network,
indicating a strong tie between the candidate vertex and
the network. We use an affinity threshold f of 1 in our
implementation, meaning that in order to be eligible to
add to the core set, the candidate vertex has to connect to
all other vertices in the core set. However, f may be relaxed
to be less than 1 if necessary or so desired.

In addition, a distance parameter (d) is provided to restrict
how far away a candidate vertex to the seed can be consid-
ered eligible for expansion. Quite often, a given seed may
not always situate in the center of the resulting sub-net-
work. The distance parameter serves as the shortest path
threshold to ensure that all members of the obtained sub-
network will be within specified proximity to the seed. A
large enough value of d, such as one that is larger than the
longest path from the seed to all other vertices in the net-
work, will virtually lift this distance restriction.

The FindCore is a heuristic search for a maximum com-
plete subgraph in the neighborhood N of seed s. Let K be
the size of N, then the worst-case running time of FindCore
is O(K2). The ExpandCore part costs in worst-case approxi-
mately |V| + |E| + overhead. |V| accounts for the expand-
ing of the core, at most all vertices in V, minus what are
already in the core, would be included. |E| accounts for
calculating the in- and out-degrees for the candidate verti-
ces that are not in the core but in the neighborhood of the
core. The overhead is caused by recalculating the in- and
out-degrees of neighboring vertices every time the Find-
Core is recursively called. The number of these vertices is
dependent on the size of the community we are building
and the connectivity of the community to the rest of the
network, but not the overall size of the network. For bio-
logical networks, the graphs we deal with are mostly
sparse and small world, therefore, the running time of our
algorithm is close to linear.

Evaluation of SNBuilder
Because there is no alternative approach to our method,
we decide to compare the performance of our algorithm
to the work on predicting protein complex membership
by Asthana and colleagues [32]. Asthana and colleagues
reported results of queries with four complexes using
probabilistic network reliability (we will refer their work
as PNR method in the following discussion). Four commu-
nities are identified by SNBuilder using one protein as
seed from each of the query complexes used by the PNR
method. (Because of the space limitation, we only discuss
the comparison study of 1 out of the 4 complexes). The
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seed protein is selected randomly from the "core" protein
set. The figures for visualizing the identified communities
are created using Pajek [44]. The community figures are
extracted from the network we build using the above men-
tioned data set with out-of-community connections omit-
ted. The proteins in each community are annotated with a
brief description obtained from the MIPS complex cata-
logue database. As a comparison, we use Complexpander,
an implementation of the PNR method [32] to predict co-
complex using the core protein set that contains the same
seed protein used by SNBuilder. For all our queries when
using Complexpander, we select the option to use the
MIPS complex catalogue database. We record the ranking
of the members in our identified communities that also
appear in the co-complex candidate list predicted by
Comlexpander.

In our example, we use ARP3 as seed to identify the com-
munity (Figure 9). ARP2/ARP3 complex acts as multi-
functional organizer of actin filaments. The assembly and
maintenance of many actin-based cellular structures likely
depend on functioning ARP2/ARP3 complex [45]. The
identified community contains all 7 proteins of the ARP2/

ARP3 complex listed in MIPS (Table 3). Not including the
seed (ARP3), these proteins represent the top 6 ranked
proteins predicted by Complexpander. As indicated in
Table 3, there are 14 members belonging to the same
functional category of budding, cell polarity, and filament
formation, according to MIPS. For more experimental
comparison results, please see the supplementary data file
1

State-pace based simulation of the biomolecular network
The state-space approach is one of the most powerful
methods to modeling a dynamic system and has been
widely employed for engineering control systems [46]. A
state-space model consists of internal variables, external
input variables, and output (observation) variables. In a
state-space model, the observation variables typically
depend on the internal variables, while the change in the
internal variables is completely determined by the current
internal variables plus any external inputs. In the existing
models such as Boolean network, differential and differ-
ence models, genes are viewed as the internal state varia-
bles as well as observation variables of a biomolecular
network, and their expression levels are the values of both

Table 2: Names of genes and proteins

1: G(V, E) is the input graph with vertex set V and edge set E.
2: s is the seed vertex; f is the affinity threshold; d is the distance threshold.
3: N ← {Adjacency list of s} ∫ {s}
4: C ← FindCore(N)
5: C' ← ExpandCore(C, f, d)
6: return C'
7: FindCore(N)
8: for each v ∈ N
9:

calculate (N)

10: end for
11:

Kmin ← min { (N), v ∈ N}

12:
Kmax ← max { (N), v ∈ N}

13:
if Kmin = Kmax or ( ) then return N

14:
else return FindCore(N - {v}, (N) = Kmin)

15: ExpandCore(C, f, d)
16:

17: C' ← C
18: for each t ∈ D, t ∉ C, and distance(t, s) <= d
19:

calculate (D)

20:
calculate (D)

21:
if  (D) >  (D) or  (D)/|D| > f then C' ← C' ∪ {t}

22: end for
23: if C' = C then return C
24: else return ExpandCore(C', f, d)
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the internal state variables and the observation variables.
This viewpoint has suffered from the underestimation of
the model parameters as pointed out previously. Actually,
not all genes (their products, proteins) directly regulate
gene expressions in a network since only a part of genes
are translated into regulatory factors (proteins) which reg-
ulate gene expression while others are translated into
structure proteins which do not participate gene regula-
tion [37,47,48]. Recently we have propose a state-space
model for gene regulatory networks [19], in which genes
are viewed as the observation variables and gene expres-
sion dynamics is governed by a group of the internal var-
iables as shown in Figure 10. Further we have extended
this model to take time-delayed regulatory relationships
[49,50]. However, the previous model [19] does not take
the control portion of the system into consideration, and
instead just describes the influence of internal states on
gene expression level and assumes that the internal states
evolve autonomously. Actually, expression levels of all
genes affect the internal states in turn.

Mathematic model
The following state-space model is proposed to describe a
gene regulatory network

The meaning of the variables follows as: in terms of linear
system theory [45], equations (1) are called the state-
space model of a dynamic system. The vector x(t) = [x1(t)

� xn(t)]T consists of the observation variables of the sys-
tem and xi(t)(i = 1,�,n) represents the expression level of
gene i at time point t, where n is the number of genes in
the network. The vector z(t) = [z1(t) � zp(t)]T consists of
the internal state variables of the system and zi(t)(i =
1,�,p) represents the expression value of internal element
(variable) i at time point t which directly regulates gene
expression, where p is the number of the internal state var-
iables. The vector u(t) = [u1(t) � ur(t)]T represents the
external input (control variable) of the internal state gov-
erning equation. The matrix A = [aij]p×p is the time transla-
tion matrix of the internal state variables or the state
transition matrix. It provides key information on the
influences of the internal variables on each other. The
matrix B = [bik]p×r is the control matrix. The entries of the
matrix reflect the strength of a control variable to an inter-
nal variable. The matrix C = [cik]n×p is the observation
matrix which transfers the information from the internal
state variables to the observation variables. The entries of
the matrix encode information on the influences of the
internal regulatory elements on the genes. Finally, the vec-
tors n1(t) and n2(t) stand for system noise and observation
noise. In model (1) the upper equation is called the inter-
nal state governing equation while the lower one is called
the observation equation.

Parameter estimation
Let X be the gene expression data matrix with n rows and
m columns, where n and m are the numbers of the genes
and the measuring time points, respectively. The con-
structing of model (1) using microarray gene expression

z A z Bu n

x C z n

( ) ( ) ( ) ( )

( ) ( ) ( )

t t t t

t t t

+ = ⋅ + +
= ⋅ +

⎧
⎨
⎩

1 1

2
(1)

Table 3: The ARP2/ARP3 community

Protein Alias Description Rank

YLR111w YLR111w hypothetical protein
YIL062c ARC15*† subunit of the Arp2/3 complex 1
YLR370c ARC18* subunit of the Arp2/3 complex 4
YKL013c ARC19*† subunit of the Arp2/3 complex 3
YNR035c ARC35* subunit of the Arp2/3 complex 5
YBR234c ARC40*† Arp2/3 protein complex subunit, 40 kilodalton 6
YDL029w ARP2*† actin-like protein 2
YJR065c ARP3* actin related protein
YJL095w BCK1† ser/thr protein kinase of the MEKK family
YPL084w BRO1 required for normal response to nutrient limitation
YBR023c CHS3† chitin synthase III
YNL298w CLA4† ser/thr protein kinase
YNL084c END3† required for endocytosis and cytoskeletal organization
YBR015c MNN2 type II membrane protein
YCR009c RVS161† protein involved in cell polarity development
YDR388w RVS167† reduced viability upon starvation protein
YFR040w SAP155† Sit4p-associated protein
YBL061c SKT5† protoplast regeneration and killer toxin resistance protein
YNL243w SLA2† cytoskeleton assembly control protein
YHR030c SLT2† ser/thr protein kinase of MAP kinase family

*Proteins belonging to ARP2/3 complex listed in MIPS.
†Proteins listed in the functional category of budding, cell polarity, and filament formation by MIPS.
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data X may be divided into three phases. Phase one iden-
tifies the internal state variables and their expression
matrix, and estimates the elements of observation matrix
C; Phase two defines the control internal variables; and
Phase three estimates the elements of matrices A and B.

Internal variables and estimation of observation matrix
The internal states are latent variables in gene regulatory
networks. They could be any unobserved molecules in cell
which participate the process of gene regulation. From the
biological viewpoint, it is reasonable to assume that the
latent variables are some regulatory factors (protein) or
missed genes. Many statistical methods [51] have been
developed to find the expression of latent variables from
the observation data. In this study, the maximum-likeli-
hood algorithm for probabilistic principal component
analysis PPCA [30] is employed to extract the internal var-
iables from the observation data (time-course gene
expression data). Using the PPCA model, it follows that

X = C·Z + N (2)

where X is the n×m observation data matrix, each column
of which is viewed as an observation sample; C is the n×p
transformation matrix, and z represents the expression
profile of an internal state, and N is the n×m noise matrix
consisting by m n-dimensional observation noise vectors.
Assume that the sample mean is shifted to zero. The log-
likelihood of PPCA model [30] is expressed by

where D = CCT + σ2I and σ2is the variance of the observa-
tion noise, and S = X * X'/m. For the given number of
internal variables, p, the global maximum log-likelihood
of the PPCA model is calculated by

when

C = Up (5)

L
m

n D tr D S= − { + + }−
2

2 1(ln ) log ( )π (3)
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j
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The ARP2/ARP3 communityFigure 9
The ARP2/ARP3 community.
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where λj (j = 1,�,p) are the first p largest eigenvalues of the
sample variance matrix S, Up is a n×p matrix, each column
of which is a corresponding eigenvector of S.

From Equation (4), the values of the maximum log-likeli-
hood for the PPCA model increase with the increased
numbers of internal state variables, p. The redundant
internal state variables may result in a complicated model.
Since the PPCA has a solid probabilistic foundation, some
statistics-based criteria such as BIC and AIC can be used to
determine the number of internal state variables [52,53].
As the number of genes is small in a sub-network, in this
paper, the AIC is adopted. For each model, the AIC is
define

AIC(p) = 2·Lp - 2·vp (6)

where vp (=np+1) is the number of parameters (elements
of matrix C) in the PPCA model. Since the terms
nm(log(2π)+1)/2 in Equation (6) is a constant for a given
dataset, the calculation of AIC can be simplified as

By this definition, the model with the largest AIC is cho-
sen. After the transformation matrix C is determined, the
expression profiles of internal variables accumulated in
matrix Z can be calculated by formula

Z = C+X (8)

Control variables, network structure, and control matrix
In state-space model (1), the control variables together
with current internal states determine the next internal
states. From the viewpoint of biology, the overall expres-
sion level of all genes in the network affects the internal

(hide) variables [46,47,54]. In this study, we take u(t) =
x(t) as the input of the internal state equation. Therefore,
from the model (1), it follows that

x(t + 1) = CAz(t) + CBx(t) (9)

This equation quantitatively describes the regulatory rela-
tionships among genes through the matrix CB. On the
other hand, using the algorithm SNBuilder, the subnet-
work can be presented by a graph as shown in Figure 1. In
this paper, the adjacent matrix of such a graph is called the
structure matrix of the network as it qualitatively describes
the regulatory relationships among genes, denoted by S.
Therefore the structure of matrix CB should be the same as
that of matrix S. That is, the (i, j)-th element of CB is
nonzero (or zero) if the (i, j)-th element of S is nonzero
(or zero).

It is nontrivial to find a control matrix B such that the
structure of matrix CB is the same as that of matrix S. Con-
sidering that in reality the weak connections among genes
may be ignored in the structure of the network, we refor-
mulate the problem as follows: find a matrix B such the
squared sum over the elements of CB corresponding to
non-zeros in S is much larger than that over other ele-
ments.

Estimates of state transition matrix
With the calculated control matrix B and the profiles of
internal variables Z, one can estimate the parameters of
the state transition matrix in the internal state governing
equation:

z(t + 1) = A·z(t) + Bu(t) + n1(t)

by minimizing the system noise n1(t). This is equivalent to
minimize the cost function

where the time-variant vector v(t) has the same dimen-
sions as the internal state vector z(t + 1) and is calculated
by the following difference equation

v(t + 1) = A·v(t) + Bu(t) (11)

with the initial state value v(0) = z(t0), and control values
u(0),�,u(t).

For equally spaced measurements, the minimization of
the cost function (10) can be solved by the least square
method for the linear regression problem [55]. For une-
qually spaced measurements, the problem becomes non-
linear, and it is necessary to determine matrices A by using

AIC p m n p n pj
j
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j k

n
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A state-space model for gene regulatory networks, where xi(i = 1,�,n) are the observation variables, zi(i = 1,�p) are the state variables, and ui(i = 1,�r) are the control variablesFigure 10
A state-space model for gene regulatory networks, where xi(i 
= 1,�,n) are the observation variables, zi(i = 1,�p) are the 
state variables, and ui(i = 1,�r) are the control variables.
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an optimization technique such as those in Chapter 10 of
Press's text [56]. The matrix A contains p2 unknown ele-
ments while the matrix Z contains m·p known expression
data points. If p <m, matrix A can be uniquely determined.
Fortunately, using AIC the number of chosen internal var-
iables p generally is less than the numbers of genes n and
time points m. Therefore matrices A in model (1) could
unambiguously be estimated from time-course gene
expression data.

Model evaluation
In this study, the inferred gene regulatory networks will be
evaluated in the following aspects: the prediction power,
stability, robustness, periodicity, controllability, and
observability.

The prediction power

We use the two indices to measure the prediction power:

The prediction error and the prediction correlation. Let 
be a data matrix with the same size as the original data
matrix X, which is computed from the model inferred
from the data matrix X. The prediction error reflects how

well  approximates X. The prediction error (PE) is

defined as:

where X(i,:) is the expression profile of gene i in the data
matrix X·||X(i,:)|| is the Euclidean norm of the vector
X(i,:). Intuitively, the smaller the prediction error, the
stronger the prediction power is. The prediction error PE
defined in (12) is invariant with respect to the scale of X.
Therefore, it is more reasonable to evaluate the models
using formulae (12) than the one defined by Wessels et al
[57].

The prediction correlationerror (PC) is defined as:

where cor(x,y) is the standard correlation of two vectors
[51]. The large prediction correlation indicates the strong
prediction power.

Stability
Due to the limited energy and storage within a cell, con-
centrations of gene expression products such as mRNA
should remain bounded. All real-life gene networks are
therefore stable. Consequently, the inferred gene network
models should also be stable in order to be realistic. For
our model, this is equivalent to the governing equation

(9) being stable. It has been proven [45] that the equation
(9) is stable if and only if all eigenvalues of the state tran-
sition matrix A lie inside the unit circle in the complex
plane.

Periodicity
Certain biological processes are periodic. The cell-cycle
and circadian clock, for example, repeat at well-defined
and reliable time intervals. Studies have shown that gene
regulatory networks associated with these periodic biolog-
ical processes are themselves rhythmic [58-60]. Therefore,
the inferred gene regulatory networks associated with
these periodic biological processes should be periodic at
its stable states. Accordingly, the periodicity of system (1)
at its stable state is determined by its dominant eigenval-
ues of the state transition matrix A whose moduli are the
largest.

Robustness
The robustness of a gene regulatory network is understood
as its insensitivity to noise or disturbance. It is obvious
that a real-life gene regulatory network has robustness
[47,58]. Therefore, the inferred gene regulatory network
should be robust. The stability of a linear system implies
robustness to a certain degree [46]. Note that the stability,
robustness, and periodicity of system (1) are all related to
the eigenvalues of the state transition matrix A.

Controllability
A dynamic control system is said to be controllable if any
state could be transferred to any preset state by appropri-
ate control actions [46]. For example, if a gene regulatory
network is controllable, it can always be transferred to a
normal state if the network malfunctions and deviates
from the normal state. The inferred network should be
controllable if a real-life gene regulatory network is. It has
been proven that the linear system (1) is controllable [46]
if and only if

rank([B, AB, �, ApB]) ≥ p (14)

A control system is said to be directly controllable if
rank(B) ≥ p. A directly controllable system can more easily
transfer one state to the other one than a controllable sys-
tem can. Because of the proposed modeling method in
this study, all inferred gene regulatory networks are con-
trollable.

Observability
A dynamic control system is said to be observable [46] if
the internal state could be estimated by the observation
data of the systems. For an observable gene regulatory net-
work, one can always estimated its internal states from the
observation data (i.e., time-course gene expression data)
even though one can not directly "see" the behavior of the
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internal variables. Its inferred network should be observa-
ble if a real gene regulatory network is. Because of the pro-
posed modeling method in this study, all inferred gene
regulatory networks are observable.
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