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ABSTRACT

Motivation: To resolve the high-dimensionality of the genetic network
inference problem in the S-system model, a problem decomposition
strategy has been proposed. While this strategy certainly shows prom-
ise, it cannot provide a model readily applicable to the computational
simulation of the genetic network when the given time-series data
contain measurement noise. This is a significant limitation of the prob-
lem decomposition, given that our analysis and understanding of the
genetic network depend on the computational simulation.

Results: We propose a new method for inferring S-system models
of large-scale genetic networks. The proposed method is based on
the problem decomposition strategy and a cooperative coevolutionary
algorithm. As the subproblems divided by the problem decomposition
strategy are solved simultaneously using the cooperative coevolution-
ary algorithm, the proposed method can be used to infer any S-system
model ready for computational simulation. To verify the effectiveness
of the proposed method, we apply it to two artificial genetic network
inference problems. Finally, the proposed method is used to analyze
the actual DNA microarray data.

Contact: skimura@gsc.riken.jp

Supplementary information: See Bioinformatics Online.

INTRODUCTION

Advancement in technol ogies such asDNA microarrays allows usto
measure gene expression patterns on agenomic scale, but to exploit
these technologies we must find ways to extract useful information
from the massive amount of data (Kwon et al., 2003). Among the
possible solutionsfor extracting information, many researchers have
taken an interest in the inference of genetic networks. The inference
of genetic networksisaproblem inwhich mutual interactionsamong
genes are estimated using time-series data of gene expression pat-
terns. The inferred model of the genetic network is conceived as an

*To whom correspondence should be addressed.

ideal tool to help biologists generate hypotheses and facilitate the
design of their experiments. On another level, it may also shed light
on the biological functions of genes.

The numerous model s proposed to describe biochemical networks
have ranged from simple Boolean networks to detailed sets of dif-
ferential equations of an arbitrary form (Akutsu et al., 2000; Chen
etal., 1999; D’ haeseleer et al., 2000; Maki et al., 2001; Sakamotoand
Iba, 2001; Vance et al., 2002; Weaver et al., 1999). One of the well-
studied models among them, the S-system, possesses arich structure
capable of capturing various dynamics, and can be analyzed by sev-
eral available methods (Savageau, 1976; Voit and Radivoyevitch,
2000). These advantages have led to the successful application of
the S-system model to the analysis of biochemical networks (e.g.
Shiraishi and Savageau, 1992; Voit and Radivoyevitch, 2000). The
model isa set of non-linear differential equations of the form

N

dXi 8i,j al hij i
& :Olil_[Xj _,Bil_[Xj i=1,...,N), (1)
j=1 j=1

where X; isthe state variable and N isthe number of componentsin
the network. In a genetic network, X; isthe expression level of the
i-thgeneand N isthe number of genesin the network. «; and g8; are
multiplicative parameters called rate constants, and g; ; and ; ; are
exponential parameters called kinetic orders.

The genetic network inference problem based on the S-system
model is defined as an estimation problem of the S-system para-
meters. Several algorithms for the inference of S-system models of
genetic networkshave been proposed (Kikuchi et al., 2003; Morishita
et al., 2003; Tominaga et al., 2000; Ueda et al., 2002). These
agorithms estimate the S-system parameters («;, B;, gi,j and h; ;)
using observed time-series data of gene expression patterns. Because
the number of S-system parameters is proportional to the square of
the number of network components, the algorithms must simultan-
eously estimate a large number of S-system parameters if they are
to be used to infer large-scale network systems containing many
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Inference of S-system models of genetic networks

network components. Thisiswhy inference algorithms based on the
S-system model have only been applied to small-scale networks of
less than five genes.

To resolve the high-dimensionality of the genetic network infer-
ence problem in the S-system model, a problem decomposition
strategy, that divides the original problem into several subproblems,
has been proposed (Maki et al., 2002; Kimura et al., 2003). This
approach enables usto infer S-system models of large-scale genetic
networks. However, when the given time-series data contain meas-
urement noise, theinferred model cannot be used to computationally
simulate a genetic network. Given that we depend on computational
simulation for our analysis and understanding of the genetic net-
work, thisis viewed as an important disadvantage of the problem
decomposition approach. To overcome the high-dimensionality of
the genetic network inference problem, Voit and Almeida (2004)
have proposed another approach that transforms the problem into a
set of algebraic equations. However, the same disadvantage as the
problem decomposition strategy still remainsin their approach.

In this paper, we propose a new method to overcome this disad-
vantage. The proposed method solves the decomposed subproblems
simultaneously using acooperative coevol utionary algorithm (Potter
and De Jong, 2000). All of the subproblems in this coevolution-
ary algorithm interact with each other through time-courses of gene
expression levels. With thisinteraction, the proposed method can be
used to infer any S-system model ready for computational simula-
tion. To verify the effectiveness of this method, we apply it to two
artificial genetic network inference problems containing 5 and 30
genes, respectively. Finaly, the proposed method is used to analyze
the actual DNA microarray data.

GENETIC NETWORK INFERENCE PROBLEM

Canonical problem definition

In general, the genetic network inference problem is formulated as
a function optimization problem to minimize the following sum of
the squared relative error (e.g. see Tominaga et al., 2000).

T
(Xi,cal,z - Xi,exp,t>2 (2)
) Xi,exp,t ,

where X; e, IS an experimentally observed gene expression level
at time ¢ of the i-th gene, X; ca, is a numerically computed gene
expression level acquired by solving a system of differential equa-
tions (1), N isthe number of components in the network and 7 is
the number of sampling points of observed data.

Since2N (N +1) S-system parametersmust bedeterminedin order
to solve the set of differential equations (1), this function optim-
ization problem is 2N (N + 1)-dimensional. This problem is too
high-dimensional for non-linear function optimizers in cases where
we try to infer S-system models of large-scale genetic networks
containing many network components (Maki et al., 2001).

f=

N
=1

i t

Decomposition of the problem

Because of the high-dimensiondlity, function optimizers have dif-
ficulty inferring S-system models of large-scale genetic networks.
To resolve the high-dimensionality, Maki et al. (2002) proposed the
strategy of dividing the genetic network inference problem into sev-
eral subproblems. In this strategy, each subproblem corresponds to

each gene. The objective function of the subproblem corresponding
tothei-th geneis

T — Xiexpt )2 )

fi _ Z (Xi,cal,t

—1 Xiexpr

where X; ¢4, iS a numerically computed gene expression level at
time ¢ of the i-th gene, as described in the previous subsection. In
contrast to the previous subsection, however, X; ¢4, iS obtained by
solving the following differential equation:

dX3 N N ;
o =1y =1, @
j=1 j=1
where
X, ifj=i,
Yi=17' _ (5)
X otherwise.

J

X ;j is an estimated time-course of the j-th gene expression level
acquired not by solving a differential equation, but by making a
direct estimation from the observed time-series data. We can obtain
X ;S using an interpolation technique such as a spline interpolation
(Presset al., 1995) or alocd linear regression (Cleveland, 1979).

Equation (4) is solvable when 2(N + 1) S-system paramet-
es(i.e. o, Bi, 8&1,---,8& N> hi1,..., hin) ae given. Thus, the
problem decomposition strategy divides a2N (N + 1)-dimensional
network inference problem into N subproblems that are 2(N + 1)-
dimensional.

Useof apriori knowledge

The genetic network inference problem based on the S-system model
may have multiple optima because the degree-of-freedom of the
model is high and the observed time-series data are usually polluted
by the measurement error. To increase the probability of infer-
ring a correct S-system model, we introduced a priori knowledge
of the genetic network into the objective function (Kimura et al.,
2003).

Genetic networks are known to be sparsely connected (Thieffry
et al., 1998). When an interaction between two genes is clearly
absent, the S-system parameter values corresponding to the interac-
tion (i.e. kinetic orders; g; ; and £; ;) are zero. Kikuchi et al. (2003)
incorporated this knowledge into the objective function using a pen-
aty term named the pruning term. This turns out to be an imperfect
solution, however, since the pruning term pushes al of the kinetic
orders down to zero, a condition that may make prevent the model
from finding the existing interactions. To avoid this, we incorpor-
ated the knowledge into the objective function (3) by using another
penalty term, as shown below (Kimuraet al., 2003).

- _x 2 N-1I
7%) +¢ 3 G|+ [Hijh, (6)

F = Z (Xi,cal,t
j=1

s Xieps

where G; ; and H; ; are given by rearranging g; ; and ; ;, respect-
ively, in descending order of their absolute values (i.e. |G;1| <
|Gial < --- < |Gin|land |H;ia| < |H;2| < -+ < |H;inl)- The
variable ¢ isapenalty coefficient and 7 isamaximum indegree. The
maximum indegree determines the maximum number of genes that
directly affect the i-th gene.
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The pendlty term is the second term on the right-hand side of
Equation (6). This term forces most of the kinetic orders down to
zero. In other words, when the penalty term is applied, most of the
genes are disconnected from each other. However, when the number
of genesthat directly affect thei-th geneissmaller than themaximum
indegree I, the term does not penalize. Thus, the optimum solutions
to the objective functions (3) and (6) are identical when the number
of interactions that affect the focused (i-th) gene is lower than the
maximum indegree. I nthis paper, we use Equation (6) asan objective
function that should be minimized.

PROPOSED METHOD

Concept

The problem decomposition strategy proposed by Maki et al. (2002)
enables us to infer large-scale genetic networks. To solve the sub-
problems decomposed by this strategy, as mentioned above, the
estimated time-courses of the gene expression levels, X S, must be
given. In the problem decomposition strategy, X jSareestimated dir-
ectly from the observed time-series data using some interpolation
method, and are not updated through the search. If X jsarecorrectly
estimated, optimum solutions obtained from the problem decom-
position approach and the canonical (non-decomposed) approach
compl etely coincidewith each other. However, when the given time-
series data contain measurement noise, it is often difficult for us to
estimate X ;s correctly. When incorrect X ;s are used, the optimum
solutions of the decomposed subproblems do not always coincide
with that of the non-decomposed problem. This meansthat the para-
metersobtained by solving the subproblemsdo not alwaysprovide us
with amodel [i.e. aset of differential equations (1)] that fitsinto the
observed data. As such, inthe problem decomposition approach, the
inferred model is not yet suitable for the computational simulation
of genetic networks.

In the subproblem corresponding to the i-th gene, the time-course
of thei-th geneexpression level iscal culated by solving the differen-
tial equation (4). When optimizing the i-th subproblem, the function
optimizer searches for the S-system parameters which make the cal-
culated expression time-course of the i-th genefitsinto the observed
data. Therefore, the cal cul ated time-courses obtained by solving the
subproblems are the most suitable for X ;js. If we can aways use
the calculated time-courses of the gene expression levels as X S
optimizing the subproblems should give the model that fits into the
observed data.

In order to use the time-courses of the gene expression levels
obtained by solving the subproblems as X S, we can use the cooper-
ative coevolutionary approach (Liu et al., 2001; Potter and De Jong,
2000), an extension of the evolutionary algorithm (Holland, 1975). It
consistsof several subpopulations, each of which containscompeting
individuals (candidate solutions) for each subproblem. The subpop-
ulationsaregenetically isolated, i.e. individuals mate only with other
members of their subpopulation. These subpopulationsinteract with
each other only when the fitness values (objective values) are cal-
culated. In this paper, the subpopulations interact with each other
only through the gene expression time-courses, i.e. when the pro-
posed method solves the i -th subproblem, the cal culated expression
time-courses of the other genes, which are obtained from the best
individuals of the other subproblems at the previous generation, are
used as X s (Fig. 1).

Subproblem 1 Subproblem 2 Subproblem 3

Subpopulation 1 Subpopulation 2 Subpopulation 3

NN

Estimated time-courses
of Gene Expression Levels

N

Subpopulation N) eeenmeeneaneannasnannannan Subpopula[ion 4
Subproblem N Subproblem 4

Fig. 1. The cooperative evolutionary model in this paper.

Algorithm

On the basis of the concept described above, we propose a hew
cooperative coevolutionary algorithm for inferring genetic networks.
The following is an algorithm of the proposed method.

(2) Initialize. Generate N subpopulations, where N isthe number
of components in the genetic network. As an initial guess,
estimate the gene expression time-courses from the observed
time-series data. Set Generation = 0.

(2) Execution of function optimization. Execute one cycle of a
function optimization algorithm on each subpopulation. In
this paper, we use GLSDC (Kimura and Konagaya, 2003) as
the function optimizer.

(3) Update of estimated gene expression time-courses. Update
al of the estimated gene expression time-courses using the
best individuals of the subpopulations. The updated gene
expressiontime-coursesareused as X jsinthenext generation.

(4) Stopif halting criteriaare satisfied. Otherwise, Generation <
Generation +1 and go to Step 2.

Each of these steps is described below in greater detail.

Initialize N subpopulations, each of which correspondsto one sub-
problem, are generated. Each subpopulation contains n, individuals
which are randomly created. At the same time, initial estimations
of time-courses of gene expression levels, X s, are made directly
from the observed time-series data. In this paper, the local linear
regression (Cleveland, 1979) is used to estimate the time-courses.

Execution of function optimization Any type of function optim-
izer can be applied to the decomposed subproblem. In this study,
we decided to adopt GLSDC, an evolutionary algorithm success-
fully applied to the genetic network inference problem as a function
optimizer by Kimura et al. (2003, 2004).

In this step, one cycle (generation) of GLSDC is performed on
each subpopulation. When the algorithm cal cul ates the fitness value
of eachindividual in each subpopulation, thedifferential equation (4)
is solved using the estimated time-courses of the gene expression
levels, )?js. An initial gene expression level (an initial state value
for the differential equation) is required together with the S-system
parametersat thistime. In thisstudy, theinitial gene expression level
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Table 1. S-system parameters of the small-scale target model

i o 8l 8i2 83 8i4 8i5 Bi hia hi2 hij3 hia his
1 5.0 0.0 0.0 1.0 0.0 -10 10.0 2.0 0.0 0.0 0.0 0.0
2 10.0 2.0 0.0 0.0 0.0 0.0 10.0 0.0 2.0 0.0 0.0 0.0
3 10.0 0.0 -10 0.0 0.0 0.0 10.0 0.0 —-10 2.0 0.0 0.0
4 8.0 0.0 0.0 2.0 0.0 -1.0 10.0 0.0 0.0 0.0 2.0 0.0
5 10.0 0.0 0.0 0.0 2.0 0.0 10.0 0.0 0.0 0.0 0.0 2.0

of the i-th gene was obtai negl from its estimated gene expression
time-course, i.e. the value of X;(0) was used for X; c40-

Update of estimated gene expression time-courses Next, we cal-
culate the time-courses of the gene expression levels obtained from
the best individuals of the subpopulations, each of whichis given as
a solution of the differential equation (4). The old gene expression
time-courses are then updated to these calculated time-courses. The
updated gene expression time-courses are used as X ;jsin the next
generation.

When we cal cul ate the time-courses of the gene expression levels,
theinitial levels of the gene expression are required. Since the noise
in the actual time-series data corrupts the values of the initial gene
expression levels, we should estimate these val ues together with the
S-system parameters. However, the simultaneous estimation of the
initial gene expression levels and S-system parameters increases the
dimensionality of the function optimization problem, creating acon-
dition inconvenient for function optimizers. To avoid this problem,
we use an aternate method for estimation (Kimuraet al., 2004).

In this step, the initial levels of the gene expression are adjus-
ted to fit the new calculated gene expression time-courses into the
observed time-series data, before the gene expression time-courses
are updated. The adjustment of the initial gene expression level of
the i-th geneisformulated as a one-dimensional function minimiza-
tion problem. Thisisbecause theinitial gene expression level of the
i-th geneisaunique variable and al of the S-system parameters are
fixed to the values of the best individual. The objective function of
this adjustment problem is

T

Fiadj — Z y,,l <Xi,cal,t - Xi,a(p,t)z’ (D

| Xi e

where X; ca, isacquired by solving the differential equation (4) and
y(0 < y < 1) isadiscount parameter. Since the fixed model para-
meters obtained from the best individual are not always optimal, the
calculated gene expression time-course may differ greatly from the
actual time-course. When the estimated time-course isincorrect, the
algorithm should not fit the time-course, especially the latter half of
it, into the observed data. Therefore, in this study, we introduce a
discount parameter y .

A golden section search (Press et al., 1995) is used to solve the
one-dimensional function minimization problem described above.
When multiple sets of time-series data are given as the observed
data, the one-dimensional search is applied to all of the sets. After
the adjustment, the new calculated gene expression time-courses are
substituted for the old ones, and they are used as X ;s in the next
generation.

NUMERICAL EXPERIMENTS

To show the effectiveness of the proposed method, we applied it to
two artificial genetic network inference problems. Then, it was used
to analyze the actual DNA microarray data.

Experiment 1: noise-free environment

In this experiment, we confirm that the proposed method has an
ability toinfer acorrect S-system model of the genetic network when
a sufficient amount of noise-free datais given.

Experimental setup As atarget genetic network, we used a small-
scale S-system model with the parameterslisted in Table 1 (Kikuchi
et al., 2003). This model consists of five network components
(N =5).

If an insufficient amount of time-series data is given as observed
gene expression patterns, the high degree-of-freedom of S-system
models ensures that many candidate solutions will be found. In this
experiment, however, we used a sufficient amount of time-seriesdata
to enhance our chances of finding the correct solution. Specifically,
we used 15 sets of noise-free time-series data, each covering al five
genes. The sets of time-series data were obtained by solving the set
of differential equations (1) on thetarget model. Theinitial values of
these sets were generated randomly (listed in Table 2). In apractical
application, these sets of time-series data could be obtained by actual
biological experiments under different experimental conditions. A
total of 11 sampling points for the time-series datawere assigned on
each gene in each set. Thus, the observed time-series data for each
geneconsisted of 15 x 11 = 165 sampling points. In thisexperiment,
2x 5x (5+ 1) = 60 S-system parametersand 15 x 5 = 75 levels
of initial gene expression should be estimated.

As the proposed method is based on the stochastic search
a gorithm, we should perform multiple runs by changing the seed for
pseudo random number in order to confirm its performance. There-
fore, five runs were carried out. In each run, the proposed method
produces one candidate solution. Each run was continued until the
number of generations reached 75. The search regions of the para-
meterswere[0.0, 20.0] for o; and B;, and [—3.0, 3.0] for g; ; and h; ;.
Astheobserved initial gene expression levels should be closeto true
ones even when they are polluted by measurement error, the search
regions of theinitial gene expression levels were set to £30% of the
observed ones(i.e. [0.7X; exp,0, 1.3X exp,0]). Themaximum indegree
I was5, the penalty coefficient ¢ was 1.0, and the discount parameter
y was 0.75. In this paper, we used the following GLSDC paramet-
ers; the population size n, is 3n, where n is the dimension of the
search space of each subproblem; the number of children generated
by the crossover per selection n. is 10; and the number of applied
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Table 2. Fifteen sets of theinitial gene expression levels used in the experiment with the small-scale target model

Set X1 X2 X3 Xa X5
1 1.655967E+00 1.868416E+00 1.032173E-01 2.730268E—01 1.562687E+00
2 7.862766E—01 5.474855E—-01 9.287958E—-01 3.894443E-01 9.344040E-01
3 3.468547E—01 1.994981E+00 1.532913E+00 1.761393E+00 1.264981E+00
4 8.020131E-01 8.949262E—-01 3.135082E-01 7.610533E-02 1.269706E-+00
5 9.500725E—-01 2.805737E—-01 5.507401E—-01 1.694232E+00 5.744767E—01
6 3.992936E-01 1.849408E-+00 2.912736E-01 1.144217E4-00 9.988814E—-01
7 1.055713E—-02 5.114093E—-02 8.495855E—-01 1.740444E+00 1.969969E—01
8 1.489803E+00 9.168820E—-01 1.707836E+-00 1.827741E+00 2.824051E-01
9 1.842769E—-01 1.589055E+00 6.668454E—01 4.727903E—-01 1.265678E+00
10 1.285646E+00 8.995862E—01 1.994967E—01 8.811659E—01 1.723054E+00
11 1.336863E—01 4.233753E-01 4.168260E—01 4.823942E—-01 5.539923E—-01
12 1.652500E+00 1.744966E+-00 3.904404E-01 1.584671E+00 4.339247E-01
13 1.562800E+00 1.164151E+00 1.391469E+00 6.808265E—01 1.090292E+00
14 3.271505E-01 1.147837E+00 1.576167E—01 8.645541E—-01 2.591408E—-01
15 5.522177E-01 4.220327E-01 1.084436E+00 1.994388E+00 1.050098E+00
Table 3. A sample of estimated S-system parameters in the experiment with the small-scal e target model
i o 8l 8i2 8i3 8i4 8i5 Bi hi1 hi2 hi3 his
1 4.917 —0.009 —0.003 1.019 —-0.017 —1.014 9.922 2.021 —0.009 0.002 —0.009 —0.009
2 10.030 1.995 0.002 —0.002 0.006 —0.001 10.026 0.002 1.995 —0.002 0.002 0.000
3 9.851 —0.005 —0.991 —0.004 —0.003 0.002 9.835 —0.004 —0.993 2.036 —0.010 0.002
4 8.020 —0.007 0.006 2.000 —0.002 —0.998 10.054 0.001 0.003 0.008 1.988 0.007
5 9.875 —0.002 0.003 0.018 2.015 —0.020 9.892 0.004 0.002 0.008 —0.010 2.017
Table4. A sample of estimated initial gene expression levelsin the experiment with the small-scale target model
Set X1 X2 X3 X4 X5
1 1.656888E+00 1.868827E+00 1.031426E—-01 2.727441E-01 1.563031E+00
2 7.863679E—01 5.474571E-01 9.291561E—01 3.898476E—01 9.349235E-01
3 3.468950E-01 1.995085E-+00 1.532417E+4-00 1.760597E+-00 1.264096E+-00
4 8.021380E—-01 8.953308E—01 3.134594E—-01 7.608557E—02 1.270594E+-00
5 9.604875E-01 2.802652E—-01 5.510681E—-01 1.693792E+00 5.739783E-01
6 3.992472E-01 1.850007E+00 2.912282E—-01 1.143535E+00 9.994764E—01
7 1.055016E—02 5.123888E—02 8.495751E—-01 1.740938E+00 1.969536E—01
8 1.489976E+00 9.178903E—-01 1.709318E+00 1.825659E+00 2.825914E—-01
9 1.841744E—-01 1.588337E+00 6.678721E—01 4.723989E—-01 1.265056E+00
10 1.284448E+00 8.998418E—-01 1.996619E—01 8.810286E—01 1.723033E+00
11 1.336120E—-01 4.231231E-01 4.167611E-01 4.827125E—-01 5.529668E—01
12 1.651859E+00 1.743927E+00 3.905919E-01 1.582865E+00 4.336105E—01
13 1.563669E-+00 1.163820E+-00 1.392009E+-00 6.809762E—01 1.090532E+-00
14 3.271675E—-01 1.148089E+00 1.576677E—01 8.633683E—01 2.503822E—-01
15 5.524893E-01 4.221964E—-01 1.083833E+00 1.992993E+-00 1.049187E+-00

the converging operations Ng isn ,. The experiments were executed

in parallel on a PC cluster (Pentium I11 933 MHz x 8 CPUs).

In order to reduce the computational cost, we applied a struc-
ture skeletalizing technique (Tominaga et al., 2000). This technique
assigns a value of zero to the kinetic orders (g; ; and #; ;), whose
absolute values are less than the given threshold ;. Structure

skeletalizing reducesthe computational cost because the exponential
calculation of Equation (4) can be omitted when the kinetic orders
are zero. In this paper, the given threshold §; was 1.0 x 1073,

Result Tables 3 and 4 show the samples of the S-system paramet-
ers and the initial gene expression levels, respectively, estimated by
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Fig. 2. Thetarget genetic network used in Experiment 2.

the proposed method. As the tables show, our method was unable
to estimate the parameter values with perfect precision. Notwith-
standing, the values were precise enough to biologically interpret
the network. The sum of the squared relative error between the
time-courses produced by the inferred model and the given time-
series data, i.e. the value of the function (2), averaged about
2.08 x 1073+ 0.77 x 1073,

In this experiment, we confirmed the effectiveness of the pro-
posed method by estimating both the initial gene expression levels
and the S-system parameters. In practice, however, there is no need
to estimatetheinitial level sof the gene expression when the observed
data seem to contain no measurement error. When the initial gene
expression levelsdo not need to be estimated, the estimated paramet-
ers will be more precise since the problem contains fewer unknown
parameters.

Our method running on the PC cluster (Pentium 111 933 MHz x
8 CPUs) required ~89.0 min to solve this problem. This is far
less computing time than that required by Predictor by Evolution-
ary Algorithms and Canonical Equations 1 (PEACEL) proposed by
Kikuchi et al. (2003). PEACELX running on a PC cluster (Pentium 111
933 MHz x 1040 CPUs) reportedly took more than 10 h to estimate
the S-system parameters.

Experiment 2: noisy environment

Next, we test the performance of our method in areal-world setting
by conducting the experiment with the sets of noisy time-seriesdata.

Experimental setup A large-scale S-system model containing 30
genes (N = 30) was used as a target model. The network struc-
ture and the S-system parameters of the model are givenin Figure 2
and Table 5, respectively (Maki et al., 2001). The observed gene
expression data included 20 sets of time-series data, each cover-
ing all 30 genes. The sets of time-series data began from randomly

Table5. S-system parameters of the large-scale target model

o 1.0
Bi 1.0

8i,j 8114= -0.1, g51= 1.0, 261 = 1.0, g72= 0.5, 8g73= 0.4, 284 = 0.2,
g817=—0.2, g95=1.0, g96=—0.1, g107=0.3, g114=0.4,
g11,7=-0.2, g1122 =04, g1223=0.1, g138=0.6, g149 =10,

81510 = 0.2, g1611 = 0.5, g1612 = —0.2, 21713 =0.5, 1914 =0.1,
82015=0.7, 2026 = 0.3, 821,16 = 0.6, g2216 = 0.5, g2317 =0.2,
82415=—0.2, g2418=—0.1, 2419 = 0.3, g2520 =0.4, g2621 = —0.2,
82628 =0.1, 2724 = 0.6, g27,25 = 0.3, g27,30=—0.2, g2825=0.5,
82926 = 0.4, g30,27 = 0.6, other gij= 0.0

h;; 10ifi=j, 0.0 otherwise

generated initial values in [0.0,2.0] and were obtained by solving
the set of differential equations (1) on the target model. We added
10% Gaussian noise to the time-series data in order to simulate the
measurement noise that often corrupts the observed data obtained
from actual measurements of gene expression patterns. A total of 11
sampling points for the time-series data were assigned on each gene
in each set. Inthisexperiment, 2 x 30 x (30+ 1) 4+ 30 x 20 = 2460
parameters should be estimated.

Five runs were carried out. As the performance of the algorithm
seems to depend on the given data, different sets of time-series data,
generated randomly, were used in each run. The search regions
were [0.0,3.0] for ; and g;, [-3.0,3.0] for g;; and h;;, and
[0.7X; exp0: 1.3X; expo] for theinitial levels of the gene expression.
The experiments were executed in parallel on aPC cluster (Pentium
111 933 MHz x 32 CPUs). All of the other experimental conditions
were the same as those used in the experiment conducted in the
noise-free environment described above.

To confirm the effectiveness of the coevolutionary approach, we
compared the results to those of a non-coevolutionary method that
did not consider the interactions between decomposed subproblems
(Kimura et al., 2004). This paper refers to this non-coevolutionary
method as the problem decomposition approach.

Result  Figure 3 showsthe calculated gene expression time-courses
obtained from the methods with and without the coevolution. The
calculated time-courses obtained by solving the set of Equations (1)
and (4), respectively, areshowninthefigure. Asshownin Figure 3A,
when the proposed coevolutionary approach was applied, the time-
course obtained by solving the set of equations (1) was almost
identical to that obtained by solving Equation (4). On the contrary,
the calculated time-courses of the problem decomposition approach
differed greatly (Fig. 3B).

When inferring S-system models of genetic networks, both
approaches usethe differential equation (4) to calculate time-courses
of gene expression levels. In Equation (4), however, the perturbation
inthei-th genedoesnot affect theexpressionlevel sof the other genes.
Therefore, Equation (4) isnot asuitable model to help biol ogistsgen-
erate hypotheses and facilitate the design of their experiments, while
itisauseful model for inferring genetic networks. When we analyze
theinferred genetic network, the set of equations (1) must be used as
the model for computational simulation. From this point of view, the
problem decomposition approach does not produce a suitable model
for computational simulation, sincethemodel doesnot alwaysfitinto
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Fig. 3. Samples of calculated time-courses obtained from (A) the proposed
coevol utionary approach and (B) the problem decomposition approach. Solid
line: the solution of the set of differential equations (1) where the estimated
values are used as the model parameters. Dotted line: time-course obtained
at the end of the search, i.e. the solution of the differential equation (4). Plus
symbol: noisy time-series data given as the observed data.

the observed data. As the time-courses obtained from Equation (1)
are aimost identical to those obtained from Equation (4), the pro-
posed approach provides us with a suitable model. The sum of the
squared relative error between the given dataand the cal culated time-
courses of the model inferred by the proposed method was always
smaller than that obtained from the problem decomposition approach
in this experiment. The sums of squared relative error obtained from
the methods with and without the coevol ution averaged about 27.72
+ 0.68 and 28.18 + 0.76, respectively.

Typical results obtained from the methods with and without the
coevolution are shown in Figures 4 and 5, respectively. Inferred
interactions for the 8th, 16th and 24th subproblems are shown. As
theresults show, both methodsfailed to infer some of theinteractions
presentinthetarget model, and they inferred many erroneousinterac-
tions that had absolute parameter values too large to ignore. Wesakly
interactions were, especialy, difficult to be correctly inferred, e.g.
both methods often failed to infer interactions corresponding to g1 14,
824,18 and g2g28. IN addition, an interaction represented as g; ; was

sometimes inferred as that of #; ;. The failure to infer the correct
interactions, however, does not seriously hinder our investigation, as
the inferred model isintended mainly for use by biologists as a tool
for generating hypotheses and facilitating the design of experiments.
The necessary interactions that were not correctly inferred should be
added, and the erroneous interactions should be removed in either
of two ways, i.e. by using more sets of time-series data obtained
from additional biological experiments or by using further a priori
knowledge about the genetic network.

The model inferred by the proposed method contained 58.4 + 2.1
true-positive interactions and 241.6 + 2.1 false-positive interactions
on average. The number of the inferred interactions corresponded
to the maximum indegree 7. Our method failed to infer an aver-
age of 9.6 £+ 2.1 interactions that were present in the target model
(i.e. the number of false-negative interactions was 9.6 &+ 2.1). On
the contrary, in the experiment using the problem decomposition
approach, the numbers of true-positive false-positive and false-
negativeinteractionsaveraged 57.6+2.3, 242.4+2.3and 10.4+ 2.3,
respectively. To solve this problem, the proposed coevolutionary
method required ~57.8 h on the PC cluster (Pentium I11 933 MHz
x 32 CPUs). The computational time that the problem decompos-
ition approach required for optimizing each subproblem averaged
~57.5honasingle-CPU personal computer (Pentium 111 933 MHz),
and the subproblems were optimized simultaneously on the PC
cluster.

Theexperimental resultssuggest that our coevol utionary approach
dightly improvesthe probability of inferring the correct interactions.
Inorder to confirmtheimprovement, we performed anumber of other
experiments using different amount of time-series data. Figure 6
shows the number of false-negativeinteractionsin each. Inal of the
experiments, the proposed method slightly reduced the number of
false-negativeinteractions, i.e. it enhanced the probability of finding
the correct interactions. This may be because the proposed method
updates the estimated gene expression time-courses, X jS. Inthis
study, the algorithm uses X ;jSto solvethe decomposed subproblems.
Therefore, X ;jsmust bepreciseif theprobability of finding the correct
interactionsisto beimproved. Because the proposed coevolutionary
approach updates X ;S their precision may be improved through
searches.

In the proposed coevolutionary method, the improvement in a
performance of finding correct interactions was slight. However, it
should be noted that the same time-series data were given to both
methods as the observed ones. As the proposed method extracts
correcter information from the data, the inferred model is more
reasonable to analyze genetic networks.

Experiment 3: analysis of actual data

The proposed method enables us to infer large-scale genetic net-
works containing dozens of genes. However, when attempting to
analyze actual DNA microarray data, many hundreds or thousands
of genes must be handled. This task lies far beyond the powers
of the proposed coevolutionary method. One possible strategy to
improve its inference capability is to use any clustering technique
to identify genes with similar expression patterns and group them
together (D’ haeseleer et al., 2000; Eisen et al., 1998). By treating
groups of similar genes as single-network components, the proposed
coevolutionary method is capable of analyzing systems containing
many hundreds of genes. In this study, we combined the proposed

1160

220z 1snbny 9| uo Jasn sonsnp Jo Juswuedad "'S'N Aq €2/892/4S 1 L/2/1 Z/21911e/SoIBWIoUI0lq/Woo dnoolwepese//:sdiy wo.ll papeojumod



Inference of S-system models of genetic networks

(A) Subproblem 8

9 hg2 =-0.241

989 =0.381

hgg =0.523
hg,17 =0.665

@ hg,19=0.778
. 9824=0.176 /
@ 98,25 =0.060

=-0.446

J8s =-0.348

hgsg =1.920

(B) Subproblem 16

e hie,2 =0.093

hie,12=0.287

@ hie,14=-0.124

016,22=0.216
hi6,22=0.206

@ 016,25=0.077
@ G16,26=0.094

O16,16=-0.314

hie,16=1.235

(C) Subproblem 24
hp4,11=0.198

hp4,12=0.198

%4,15=-0.322

hz4,18=0.501 Q4.24=-0.217

O4,19=0.450
hpa,24=2.202
Op4,23=-0.10:
O24,28=0.220

hp4,30=-0.31.

Fig. 4. Samplesof theinteractionsinferred by the proposed method. The figure shows the results for (A) the 8th subproblem, (B) the 16th subproblem and (C)

the 24th subproblem.

(A) Subproblem 8

6 9s5 =0.080

0.131

(B) Subproblem 16

6 G165 =0.174

(C) Subproblem 24
%43 =0.214

6 G166 =-0.192

hg11=-0.203
ds8 =-0.665

016,11=0.979
hi6,11=-0.371

U16,16=-0.630

<) hpa,7 =-0.569
a8 =0.116

@ O16,12=-0.237

@ 98,17 =-0.661

hg22 =0.108 hgsg =1.550

98,26 =0.060
hs26 =-0.333
08,30=0.233

@ h16,21=0.265

h16,20=-0.249

®

Fig. 5. Samples of the interactions inferred by the problem decomposition approach.

method with the clustering technique proposed by Kano et al. (2003).
The combined method was then used to analyze cDNA microarray
data of Thermus thermophilus HB8 strains.

Two sets of cDNA microarray time-series data, i.e. wild-type and
UvrA gene disruptant, were observed. Each sets of the data were
measured at 14 time points. The clustering technique used in this
study grouped 612 putative open reading frames (ORFs) included in
the datainto 24 clusters. Aswe treated the disrupted gene, UvrA, as
single-network component, the target system consisted of 24 + 1 =
25 network components. The time-series data of each cluster was
given by averaging the expression patterns of ORFs included in the
cluster. A total of 10 runs were carried out. The maximum indegree
I was 3. The search regionswere [0.0, 5.0] for «; and 8;, [—3.0, 3.0]
for g;; and h; j, and [0.7X; exp0, 1.3X; expo] for the initial levels
of the gene expression. The experiments were executed in parallel
on a PC cluster (Pentium Il 933 MHz x 32 CPUs). All of the
other experimental conditions were the same as those in previous
experiments.

Figure 7 shows the core network structure where the interactions
were inferred by the proposed method more than nine times within
10runs. Asthe amount of observed datawasinsufficient, theinferred
network model seemsto contain many erroneousinteractions. How-
ever, some reasonable interactions were also inferred. Many ORFs
contained in the clusters 6, 7, 10, 15, 16, 19 and 22 are annotated
to be concerned with ‘ Energy metabolism’, and these clusters were
relatively located near from each other in the inferred model. The
figure shows the clusters 12 and 23 were also located near from
the clusters of ‘Energy metabolism’. However, a few ORFs con-
tained in the clusters 12 and 23 are annotated to be concerned with
‘Energy metabolism’. This fact suggests that some of hypothetical
and unknown ORFsincluded in the clusters 12 and 23 may work for
‘Energy metabolism’ or related functions.

In this experiment, as the amount of the measured time-series
datawas insufficient, it ishard to extract many suggestions from the
inferred network. To obtain more meaningful results, we are now
planning additional biological experiments.
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Fig. 6. The number of false-negative interactions in experiments using
different amount of time-series data.
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Fig. 7. Theinferred genetic network.

CONCLUSION

In this paper, we proposed a new method for inferring the S
system model sof large-scal egenetic networks. The proposed method
uses the problem decomposition strategy to divide the genetic net-
work inference problem into several subproblems. The decomposed
subproblems are then solved simultaneously using the cooperative
coevolutionary agorithm. Because the decomposed subproblems
interact with each other through their calculated gene expression
time-courses, the inferred model can be used in the computational
simulation. Thisfeatureisimportant because the computational sim-
ulation provides us with a better understanding of genetic networks.
Through numerical experiments, we showed that the proposed
method slightly enhanced the probability of finding the correct inter-
actionsof anetwork. Updating the gene expression time-coursesal so
seemsto enhancethe probability of inferring acorrect network struc-
ture. Finally, to analyze actual DNA microarray data, we combined
the proposed coevolutionary method with the clustering technique.
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