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ABSTRACT

Motivation: Microarray gene expression data become increasingly
common data source that can provide insights into biological pro-
cesses at a system-wide level. One of the major problems with
microarrays is that a dataset consists of relatively few time points
with respect to a large number of genes, which makes the problem
of inferring gene regulatory network an ill-posed one. On the other
hand, gene expression data generated by different groups worldwide
are increasingly accumulated on many species and can be acces-
sed from public databases or individual web-sites, although each
experiment has only a limited number of time-points.

Results: This paper proposes a novel method to combine multiple
time-course microarray datasets from different conditions for inferring
gene regulatory networks. We have developed GNR (Gene Network
Reconstruction tool) based on linear programming and a decom-
position procedure. The proposed method theoretically ensures the
derivation of the most consistent network structure with respect to all
of the datasets, thereby not only significantly alleviating the problem
of data scarcity but also remarkably improving the prediction reliabi-
lity. We tested GNR using both simulated data and experimental data
in yeast and Arabidopsis The result demonstrates the effectiveness
of GNR and predicts new gene regulatory relationship in yeast and
Arabidopsis

Availability: The software is available from htt p: // zhangor up.
aporc. org/ bioinfo/grninfer/, http://digbio.mssouri.
edu/ gr ni nf er/ or upon request from the authors.

Contact: chen@elec.osaka-sandai.ac.jp, xudong@missouri.edu,

1 INTRODUCTION

Microarray technologies have produced tremendous amaoints
gene expression data (van Somertnal. (2001); Hugheset al.
(2000)). Mining these data to understand gene expressibnegjo-
lation represents a major challenge for bioinformatics. Ajon
focus on microarray data analysis is the reconstructiorenégegu-
latory network (GN), which aims to find the underlying netwof
gene-gene interactions from the measured dataset of ggmesex
sion (Hartemink (2005); Bassat al. (2005); Levine and Davidson
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(2005); Akutsuet al. (2000); H (2002)). A wide variety of approa-
ches have been proposed to infer gene regulatory netwaooks fr
time-course data (Holteat al. (2001); Tegneket al. (2003); Dewey
and Galas (2001)), such as discrete models of Boolean networ
and Bayesian networks (Husmeier (2003); Rangtehl. (2004);
Beal et al. (2005)), and continuous models of neural networks,
difference equations (van Somerenal. (2001)) and differential
equations (Chen and Aihara (2001, 2002)).

Since a typical gene expression dataset consists of rhativ
few time points (often less than 20) with respect to a largenu
ber of genes (generally in thousands), a major difficulty ™ G
inference for all methods is scarcity of time-course dattherso-
called dimensionality problem (D’haeselestral. (2000); Zaket al.
(2003); van Somerest al. (2001)). In other words, the number
of genes far exceeds the number of time points for which data a
available, making the problem of determining GN structurdlia
posed one. Current methods generally use a single set ctonnse
data under a specific experimental condition, and hence bfige
problems in using experimental data to construct GN acelytadn
the other hand, gene expression data generated by difigremps
worldwide are increasingly accumulated on many speciescand
be accessed from public databases or individual web-siltsugh
each experiment has only a limited number of time-points: Fo
example, in the GEO database (http://www.ncbi.nim.niWgeo/),
currently there are 241 microarray data sets for human altine
such large amounts of data from different experiments angb¢o
ned and further exploited in an integrative and systema#aomar,
the scarcity of data can be greatly alleviated and a more-accu
rate reconstruction of GN can be expected. It is worth meirgp
that simply arranging multiple time-course datasets intsingle
time-course dataset is inappropriate for GN inference dugata
normalization issues and lack of temporal relationshipsragrihese
datasets. Hence, current GN inference methods typicalyata
handle multiple sets of data.

In addition to the dimensionality problem of data, anothes-p
blem of conventional approaches is that the derived geneonies
from the conventional approaches often have densely ctethec
gene regulatory relationships among nodes, which are rwt bi
logically plausible. A biological gene network is expectedbe
sparse (Gardner and Faith (2005); Yeueigal. (2002)), which
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should also be reflected in the procedure of the network stnocy
tion.

2.2 General Solution for a Single Dataset

To overcome the difficulty due to scarce data, many techsigeach as,

This paper proposes a novel method to combine a wide varietyystering of genes, SVD, interpolation of data (van Someteal. (2001))

of microarray datasets from different experiments (déferenvi-
ronmental conditions or perturbations) for inferring GNttwthe
consideration of sparsity of connections. We have devel@psR
(Gene Network Reconstruction tool), based on LP (lineagam-
ming) and a decomposition procedure, by exploiting the gdne
solution form of arbitrary connectivity matrix for GN. Theqpo-
sed method or GNR theoretically ensures the derivationefibst
consistent or invariant network structure with respectlttha used
datasets, thereby not only significantly alleviating thebpem of
data scarcity but also remarkably improving the reliapiliBpe-
cifically, inferring GN is formulated as an optimization piem
with an objective function of forced matching and sparsignts,
so that a consistent and sparse structure that is also eoedito
be biologically plausible can be expected. An efficient athm
has been developed to solve such a large-scale LP in anigerat
manner. Both simulated examples and experimental datesatkta
demonstrate the effectiveness of GNR, which also leadseiaiqi-
ons of new gene regulation relationships for yeastArabidopsis
GNR is implemented in the Fortran programming language hed t
software is available fromht t p: / / zhangor up. apor c. or g/

bi oi nfo/ grninfer/,http://di gbio. mssouri.edu/

gr ni nf er/ or upon request from the authors.

2 METHODS

Figure 1 illustrates the schematic of the proposed methodhis section,
we first describe a GN as differential equations, and theiveler special
solution of the GN based on singular value decompositior{§dr a single

dataset (time-course data). By constructing the genehafi@o of the GN

for each single dataset, we formulate the GN reconstrugiioblem as an
optimization problem which is to find the most consistentvoek structure

with respect to all the used datasets. The optimal solu@mnbe viewed as
a special solution for the multiple datasets with the midiomamnections or
edges. We show that such an optimization problem is equivatelinear

programming, and an efficient algorithm is developed toeasiuch an LP
based on the decomposition technique.

2.1 Gene Regulatory Network

Generally, a genetic network can be expressed by a set ofneanl
differential equations with each gene expression levebaghbles

a(t) = f(x(t)) @
wherez(t) = (z1(t), ...,z (t))T € R, andf = (f1,..., fn)T : R* —
R™. z;(t) is the expression level (NRNA concentrations) of gémétime
instancet. Assume that there are total time points for a given experimen-
tal condition from microarray, i.et1,...,tm. f; is aC' class nonlinear
function.

Although gene regulations are often nonlinear, most of tkistiag
approaches for GN inference use linear or additive modetstdwnclear
structures of biological systems and scarcity of data (R%¢deeret al.
(1999); Gustafssoet al.(2005)). From the viewpoint of dynamical systems,
linear equations can at least capture the main featuresafdtwork or the
function, in particular around a specific state of the sysfEne linear form
of egn. (1) with appropriate normalization is

@(t) = Ja(t) + b(t), )
whereJ = (Jij)nxn = 0f(x)/0x is ann x n Jacobian matrix or connec-
tivity matrix, andb = (b1, ...,b,)T € R™ is a vector representing the

external stimuli or environment conditions, which is sezéwo when there
is no external input.

t=11,...

7tm

have been developed. We first adopt the SVD technique toedaparticular
solution and further the general solution of eqn.(2), byhgs single time-
course dataset. By rewriting egn. (2), we have

X=JX+B

where X (x(t1), ..., z(tm)), B (b(t1), ..., b(tm)) and X
(Z(t1), ..., &(tm)) are alln x m matrices witha;(t;) = [zi(tj41) —
xi(t5)]/[tj41 —tj] fori =1,...,n;j = 1,...,m. By adopting SVD, i.e.,
(XT)mxn = UnxnEnxn VL, , whereU is a unitarym x n matrix of
left eigenvectorsE = diag(ei, ..., en ) is @ diagonah x n matrix contai-
ning then eigenvalues an#t T is the transpose of a unitary x n matrix of
right eigenvectors. Without loss of generality, let all nero elements ofy,
be listed at the end, i.ee; = ... = ¢; = 0 ande;1 1, ...,en # 0. Then we
can have a particular solution with the smalléstnorm for the connectivity
matrix J = (Jij)nxn as

J=(X-BUE VT

®)

4)

where E~1 = diag(1/e;) and1/e; is set to be zero it; = 0. Thus,
the network family, or the general solution of the connéigtimatrix J =
(Jij)nxn iS

J=X-BUE W +yvT =j4+yvT (5)

Y = (yi5) is ann x n matrix, wherey;; is zero ife; # 0 and is otherwise
an arbitrary scalar coefficient. Solutions of (5) represghof the possible
networks that are consistent with the single microarragstt depending on
arbitraryY". Notice thatm+1 points are required in (5) due to the estimation
of X.

2.3 Special Solution with Minimal Connectionsfor
Multiple Datasets

Assume that there are multiple microarray datasets for aygnism, each of
which corresponds to its own general solution of (5). Eatleicourse data-
set may be measured under various environments or stimdiffeyent labs.

Specifically, there are N datasets, and we can infer N neswaspectively

as

J¥ = (Xy, — B)Up B 'VE + YRy = JF YRy (6)

where the subscripgt = 1,..., N is the index of the datasét- Note that
without normalization,J* for each dataset is actually a normalized matrix
even for different experiments with different time intdsvaue to the form

of (4).

Next, we will find the most consistent network structufe= (J;;)nxn
forall k = 1,...,N of (6), with consideration of sparse structure, as
illustrated in Figure 1. Mathematically, the problem isrfordated as
N n n
min 33 33 3 [wF[Ji; — T+ Al (7)

Y.J  k=1i=1j=1
wherlej is the function ofY’* according to (6), and” = (Y1,...,YV).
The variables ar&” and.J. The first term is the matching term which forces
the matching ofJ and J*, whereas the second term is the sparsity term
which forcesJ sparse due td.; norm. A is a positive parameter, which
balances the matching and sparsity terms in the objectiveifin. The varia-
bles in (7) areJ;; and all of nonzercyfj. w¥ is a positive weight coefficient

for the datasetk witth-1_, w* = 1. Since different datasets may have
different qualities (e.g., different technologies, numbérepeats in mea-
surements, etc.), a weight coefficient is used to repredentdiiability of
each dataset. Assume that the number of the repeated erpésifior the
dataset-k isV}, by using the same type of microarray. Theh can be set as

k_ Nk

N
=1 Ni

®)

w
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Fig. 1. Schematic of GNR.

The optimization problem for (7) is a mathematical prograngrproblem

with positive combination of.; norm of variables, which can be transfor-

med into a linear programming problem through a well-knowacpdure
and solved by a simple iterative procedure. Dud.tonorm, generally the
optimal solution of (7) has the property with the zeros [fdy; — JZ.| and

|.J;;| as many as possible, which exactly serves our purposepisistent
and sparse structure.

2.3.1 Decomposition and AlgorithnClearly whenJ is fixed, the

original problem of (7) can be divided inty independent subproblems.

We decompose (7) into the following form.

N n n
minmin 3 3 3 [W*|Ji; — I |+ Al i) 9)

JY p=ii=i=1
Since (9) is a large-scale linear programming (LP) problera @ a large
number of variables, we adopt an iterative technique toes(®y. Specifi-
cally, first we fix J to solve N small-size matching subproblems, and
then update/ based on the results &f for N subproblems. Such iteration
continues until converged.

Therefore, we have the following algorithm for deriving garetwork.

e STEP-O: Initialization. Obtain all of the particular solutiof* by SVD
from (4), andw* from (8). Set initial valueJ;;(0) = 0, Y;%(0) = 0
and J(0) = J*, and positive), e. Let iteration index be and set
q=1.

e STEP-1: SetJ*(q) = J¥(q — 1) + Y*(q)V;]" and solveyf;(q) at
iteration ¢ by LP for each subproblem from (9) witli(¢ — 1) fixed,

i.e. solveY*(q) = (yf;(q))mxm of the following subproblem for
k=1,..,N with J(¢ — 1) given

S5 (g —1) — JE(q)]

i=1j=1

min (20)
Y*(q)
Note thatyfj (¢) = 0if j > I}, according to (5).

e STEP-2: Solving J;; (q) at iterationg by LP with all of yfj (¢) given,
i.e. solveJ(q) of the following problem with all of7% (gq) fixed.

N n n
min 3 3 3 [wF|Jii(e) — I (@] + Ali(l] (21)
J(@)  k=1i=1j=1
The detail procedures of solving (10) and (11) are desciiib&dippor-
ting Material.

e STEP-3:If Jis converged, i.é]|J(¢)—J(g—1)|| < ¢, then terminate
the computation. Otherwise, go to STEP-1¢oy> g + 1.

Although the solution may depend oy it is a single parameter which
can be tuned in a relatively easy manner or be simply tested fange of
its value. A flowchart of the algorithm is illustrated in Saopng Material.
The nonlinear network (e.g. with quadratic form) can alsalbeved with
similar form of (7) in a self-consistent way.

2.3.2 Confidence EvaluationL_et the optimal solution of (7) beg*
andY*¥. Then, the variances;; and deviatiorv;; of each element;; for
J can be easily estimated by

N
vij = k;ww;; —JE(Y*R)2/N (12)
Tij = Vij 13)
By computing their average, we have :
o= Z Z O'ij/TL2 (14)
i=1j5=1

In addition, the proposed approach can be further improyedombining
with other methods, such as, the data expanding techniqueloged by
(van Somereret al. (2001)).

3 RESULTS

In this section, we first report on several numerical testble have
designed to benchmark GNR by using multiple simulated étgas
Then we will describe the GN inference using yeast Anabidop-
sismicroarray gene expression data. As analysis in Methodsnwah
single time-course dataset is adopted, GNR is similar tortegnod

of (Yeunget al. (2002)), which can recover the network connecti-
vity from gene expression measurements in the presenceis# no
by singular value decomposition (SVD) and regression. Faina
gle time-course dataset, it is easy to show that the smallesber

of time points needed i©(log n) to reconstruct the x n connec-
tivity matrix for an n-gene network (Yeungt al. (2002)). When
adopting multiple datasets, we can further infer the mossistent
network structure with respect to all the datasets in a mecarate
and robust manner.
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3.1 Simulated data (T1 20 5 g
The first example is a small simulated network with five genes B
governed by

1(t) = -2z2(t) +&(),
xa(t) = —w3(t) + &2(t),
@3(t) = —3za(t)  +&(),
ta(t) =—15w5(t) + &a(t),
i5(t) = 2x1(t) +&5(1),

wherez; reflects the expression level of the geremdé; (¢) repres-
ents noise foi = 1,2, 3,4, 5. Clearly, the system is a negative gene
regulation loop with genes 2, 3, 4, 5 repressing genes 1, 2, 3,
respectively, and with genkin turn enhancing geng

To test GNR, we randomly choose the initial condition of the
system and take several pointsiofis a measured time-course data-

set. With three different initial conditions, we obtainedliferent
datasets with 4, 4 and 3 time points respectively, and ap @R
to reconstruct the connectivity matrix or the Jacobian ixaft To
measure the discrepancies between the true network anaénesd
network with n genes, we adopt the simple criterion in (Yeangl.
(2002)) asF to assess the basic recovering ability:

n o n
FEo ::ZZ@U

i=1j=1

(15)

wheree;; takesl if ||J}; — J| > &, otherwise0. § is a prescribed
small value for error tolerance related to noise level ofghstem.
JZ; and Jﬁ are interaction strength from gerieto gene: for the

true and inferred networks, respectively.

Furthermore to depict the accuracy or correctness of GNR, we

introduce the following two criteri&; and F» as

n n
B 3031 -

(16)
i=1j=1
n n
By =YY (I = Jf)? a7)
i=1j=1

which are L; norm andL, norm errors respectively for all of

interaction strengths.

The numerical results are depicted in Figures 2 and 3, witiotvs
the reconstructed networks without and with noises resmgtAs
indicated in Figure 2, clearly the more the datasets, thesraocu-

rate the inferred network. When using one dataset (Figut®)? (

it contains a wrong relation between andzs. As two datasets

are used, the topology of the network becomes correct (Eigur

(c)). After using all three datasets, the predicted cornvigctnatrix,
which represents the strengths among gene interactiongerys
close to the true one (Figure 2 (c)). Such results imply thdRG
is able to infer the solution of the highly under-determipedblem
in an accurate manner when a sufficient number of datasetxfer
riments) are available even though each dataset has only tinfie
points and starts from different initial conditions. In GNRe also

introduce a scalar parameteto control the sparsity of the inferred

network (see Methods for details). When there are multiplats
ons (which are typical) due to the under-determined natGi¢R
prefers to infer a network with a sparse structure.

Fig. 2. The simulated example with = 0 and without noise. Arrows and
arcs denote activation and repression, respectively. {e)trlie network. (b)
Using one dataset. (c) Using two datasets. (d) Using threesels.

‘xy :;%1'68—»{ T 5:}

T :;%1'76—»“ T 5:}

(d)

Fig. 3. The simulated example with noise. Arrows and arcs denoieation
and repression respectively. (a) Using one dataset Avith 0.0. (b) Using
two datasets witth = 0.0. (c) Using three datasets with= 0.0. (d) Using
three datasets with = 0.3.

of noise level toN(0,0.005), the network eventually cannot be
correctly inferred even using all three datasets (Figu®)3{ue
to the effect of noises. For such an under-determined cakikR G
can reconstruct the network by an additional constrainpafsty,
i.e. introducing a positive parametar as shown in Figure 3(d).
With such a constraint, generally there is a better chana®ie
struct a biologically plausible structure (Yeuagal. (2002)) but at
the expense of accuracy of interaction strengths. We haededted

Figure 3 shows the results when noises are added to the dynder a nonlinear gene network by replacing all linear terme bua-

mics. As indicated in Twet al. (2002), the distribution function

of the noise in microarray is more like a Gaussian distriduti
Therefore we set all of noises(t),7 = 1,2,3,4,5 obeying nor-
mal distribution in the simulated example. With gradualreaase

dratic terms. As demonstrated in Supporting material (migaar,
Figure 8 and Table 2), comparing with the linear and noises;abke
link strengths of reconstructed networks have certairrgrivevert-
heless, the topology of the network can be correctly intetvg
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Table 1. Accuracies for different error criteria and confidence estibn

Without Noise A\ Eq Eq Eqo e

One Dataset 0.0 1 1.38 022 04145
Two Datasets 0.0 0 1.16 021  0.0075
Three Datasets 0.0 0 0.93 0.15  0.0032

With Noise A Egy Ej Eqo G

One Dataset 0.0 2 1.42 0.27  0.4105
Two Datasets 0.0 2 1.36 021  0.0131
1
0

Three Datasets 0.0 0.93 0.13  0.0035
Three Datasets 0.3 0.93 0.19  0.0197

using all three datasets (Figure 8(c)). Table 1 shows tharaec
cies of different error criteria, i.eEy, F1 and E> in the two cases
without noise and with noise obeyimg (0, 0.005) normal distribu-
tion, which indicate that adding datasets improves the racyuof
the network reconstruction, e.g., the more the datasetssrtfaller  gjg 4. Regulatory network reconstruction for set of 10 transiipfactors
are theEy, Fy andE» values. This table also implies that a solution for heat shock response microarray data in yeast. Activasoshown in
of GNR is a balance between the topology reconstructiorfated  red and repression in blue arrows. The confirmed edges avenshadbold
mainly by Ey) and the accuracy of interaction strength (evaluatedarrows, while the potential edge is shown in yellow-red arindicating
mainly by E; or E»). The trade-off betweery and E; (or E;)  activation.

can be controlled by the parameterThe deviations in Table 1 is

introduced to evaluate the confidence of the inferred nétsee

Methods for details). The tendency &falso indicates that adding sparsity or consistency of the subnetwork. Figure 5 shovepeer

datasets imprO\{es the confidence of the petwork reconstnuct sentation of the 64-link GN model. Figure 5 (a) shows YGPhin t
We also consider a large system to calibrate the proposedsev qner which is a cell wall-related secretory glycoprotaial indu-

engineering scheme. The results are listed in the supgamite- o4 by nytrient deprivation-associated growth arrest amuh @ntry

rial, which further confirm the effectiveness of GNR. into the stationary phase (Destruedfeal. (1994)). In the predicted

model, YGP1 activates three genes, i.e., DSE2, PIR3, anBFET

i ] ) ] Both DSE2 and PIR3 relate to cell wall organization and biegés

We applied GNR to experimental data. To ensure high quafity 0 (pqojin et al. (2001); Mrsa and Tanner (1999)), whose activations

the data, we only used whole genome Affymetrix chips mia@ar oy follow YGP1 at the entry of the stationary phase. Amorgy th

experimental data, instead of any oligo or cDNA array data. genes that YGP1 suppresses in the model, it is known that HLR1

3.2.1 Heat-Shock Response Data for Yeask first test GNR ~ Suppresses the cell wall phenotypes (Alonso-Moegal. (2001)).
using a small number of genes. We created an input datasg@for SUPPressing HLR1 by YGP1is equivalent to enhance cell veattd
transcription factors related to heat-shock responsedstfaccha- ~ 0Pment, which is consistent to the activation of DSE2 anB®I
romyces cerevisia€ out of the 10 transcription factors (Hsflp and 1FAZ2 is TFIIE small subunit, involved in RNA polymerase latr-
Skn7p) are known to be directly involved in heat shock respon SCription initiation (Kornberg (1998)). In addition to tlyenes in
Hsflp and Skn7p each are known to regulate 4 other transcriptigure 5, other genes in the network show negative self atigul
tion factors among the ten. This information was obtaineanfr ~ (data not shown).

YEASTRACT (http://www.yeastract.com/index.php). Foreti0 . . )
transcription factors, we used 4 microarray datasets abtheford 3.2.3 Stress.Respon.se Data for Arabidopsie glso gpphed
Microarray Database (http:/smd.stanford.edu/) (yL%,yin6:57- ©Our method in studying stress response Amabidopsis tha-
60, y16:109-112, with 7, 5, 5, 4 time points, respectivety)gene ~ 1ana We used whole genome Affymetrix chips microarray
expression under heat shock conditions. We applied GNRiso th €XPerimental data for Arabidopsis thaliana from the ATGenE
dataset. As shown in Fig 4, the prediction succeeded in Etaan press database at The Arabidopsis Information Resourdd&)T

ting 4 edges of the network with documented known regulagiont ~ (NttP//www.arabidopsis.org/). We applied 9 datasetateel to the
1 edge with documented potential regulation stress responses, each with 6 or more time points and eadhefor

root and shoot experiments. Table 7 lists the experimeratdlild
3.2.2 Cell cycle Data for YeastWe tested GNR using the and the time points used. We used the log ratios of the express
experimental data for cell cycle studies iBaccharomyces values for atreatment condition against the mock conditidanar-
cerevisiae obtained from the Stanford Microarray Database rowed down the list of genes to 226 genes for the root expeiisne
(http://smd.stanford.edu/). We generated 4 datasets différent and 246 genes for the shoot experiments based on two-foligeha
conditions. Table 6 in Supporting Material lists the expamntal  (either up or down) in at least 70% of the ratios of a gene. This
conditions and time points used for analysis. Among all thasy  list represents the most statistically significant genéerintially
genes, 140 of them have change of 2 fold up or down in at le&ét 20 expressed under stress in root and shoot based on all exgresim
of the expression level across all datasets. GNR was applied to the 226 genes with the above 9 datasets. By

Application of GNR to the 140 differentially expressed gewé  using different thresholds, we can predict various netaovith dif-

the 4 datasets generated consistent subnetworks with &t W31  ferent edge density, which are consistent with respect tiagdsets.
links, etc. depending on the scalar parameter used to ¢dh#o Figure 6 represents a 35-link sub-network in shoots. Thearét

3.2 Application to Experimental Data




Yong Wang et al

Fig. 6. Inferred network imArabidopsis thaliandased on 35 links generated from stress response datashtmits. The red arrows represent activation while
the blue arrows represent suppression. Putative tratiscrifactors are shown in purple. F-box family proteins dreven in yellow.

HLRL
YDR
344C

~% o @@
Q/ _ (ep(apE
(ep (ap(mmE

Fig. 5. Partial representation (with two connected sub-netwookhe 64-
link inferred network in yeast based on cell cycle microgreaperimental

datasets. The isolated genes without interaction withretaee not shown.

The red arrows in the figure indicate repression while the lalwows indi-
cate activation. The circles in the same color indicate #maesbiological
function.

We found that our network relates to some knowledge whildipre
ting novel regulations. ATERF6 is a member of the ERF (ethgle
response factor) subfamily B-3 of ERF/AP2 transcriptiontda
family (Fujimoto et al. (2000)). It is predicted to activate 3 genes
encoding known or putative transcription factors, i.e.2802940,
AT3G49760, and AT2G40750. AT2G12940 is similar to trans-
cription factor VSF-1; AT3G49760 is a Bzip transcriptiorctiar;
AT2G40750 is a member of WRKY transcription factor family.
Other genes have functions related to stress response. 32680

is a heat shock protein. AT1G36030 encodes a member of thox F-b
family, whose members involved in regulating diverse datlpro-
cesses including cell cycle transition, transcriptiomgjulation and
signal transduction.

4 DISCUSSION

Microarray gene expression data become increasingly cammo
data source that can provide insights into biological psses at a
system-wide level. As indicated in (Soinov (2003)), althoa large
amounts of data are increasingly accumulated, one of thermaj
problems with microarrays is that data often come from diffé
platforms, laboratories, etc. It is often difficult to com@ar com-
bine results of experiments done by different researchpgrdar
biological inference. In contrast to the conventional néghwhich
require more time points in a single dataset to infer moreii@te
network due to the dimensionality problem, the main contitn of
this paper is that we developed a methodology to reconsBhidby
using multiple datasets from different sources withoutmalization
among the datasets. In other words, we provide a generakfram
work to handle the microarray data by fully exploiting albéable
microarray data for a given species, so as to alleviate thiglgm of
dimensionality or data scarcity. As a byproduct of the nevthoe,

it provides a new way to comparing hypotheses generateddibm
ferent datasets, and also a new way to derive a common scitos&u
not from network alignment but from the raw microarray datas
In particular, it is very effective to find an invariant sttuce when
multiple datasets with different conditions or perturbas are used.

shows that the genes AT1G56600 and ATERF6 (AT4G17490) con- We have tested our approach to both simulated problems and

trol the neighboring genes by either activating or suppngsthem.

experimental biological data, which verified the efficienapd
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effectiveness of the algorithm. Depending on the tradepafbme-

regulation can be at the post-transcriptional or postsiedional

ter \, we can derive either a global structure with dense conmecti level, which are often not reflected in mRNA expression lgvel
for a small\ or local substructure with sparse connection for a largedetected by microarrays. Therefore, there is a need fogratien

A. Furthermore, the role of parametein the inference algorithm is

discussed and tested by comparing the inferred networktates

with other information sources to derive regulatory nekgan an
accurate manner. In other cases, the transcriptionalriaftindirect

for different\s. Also we discuss how to specify the proper value andregulation are not selected for GN construction due to thir

the searching strategy in the parameter space(sée the details in
the supporting material).

expression levels or statistically insignificant chandésnce, the
GN models that we predicted include both direct and indiregt-

There is an important assumption for the proposed method ifations (i.e., via hidden variables). Typically one careiptret an

this paper, i.e., the structure of the regulatory networdtagionary,
and does not ‘rewire’ under the environmental conditionsttiose
different datasets. This means that the change of envirotaieon-
ditions alters the level of gene expression instead of theork
structure. Another assumption is that high resolution tooerse
microarray datasets are required so as to accurately inéenét-

edge in a GN model as the net effect if the gene from the soarce i
deleted. For example, if an arrow pointing from gene A to gene

B for activation, it is expected that deleting gene A will deto
an increased expression of gene B. Notice that the inferedlts
by GNR are only valid on the assumption that the dynamics ef th
system can be captured by the time intervals between th@datis.

work structure because a genetic network is expressed byaf se Nevertheless, our predicted regulatory network is testtitsbugh a

differential equations with each gene expression level\aiable

comparison in microarray data between wild type and mutatft w

shown in equation (1). Here high resolution data mean higi+ qu specific deletion.

lity time-course microarray data which are expected towapthe
dynamic behavior of the gene regulatory network.

The linear differential equation model in this paper is used
identify gene regulation between RNA transcripts (Gardaed

Currently, GNR is aimed to infer the consistent structucerfra
variety of datasets but for the same species or organisimh e
similar mechanism, GNR can be extended to identify the qorsle
network patterns or motifs (Kellest al. (2003)) from the datasets of

Faith (2005)). An advantage of such a strategy is that theeinod either the same species or different species, by adjudtmgara-

can implicitly capture regulatory mechanisms at the protid
metabolite levels that are not physically measured. Thait is
not restricted to describe only transcription factor/DN#eracti-

ons. By construction, the inferred model may accuratelyecefl

a physical interaction if the regulator transcripts enctiuke tran-
scription factors that directly regulate transcriptionn @e other
hand, the implicit description of hidden regulatory fastduy this
approach may lead to prediction errors. Generally, the miRNAls
measured in a microarray experiment are the results of atyaof
complex events including gene transcription and mRNA diggfian

(Gardner and Faith (2005)). With such events, dynamic Bages

networks can be used to derive the regulations among biaulele
(Nachmaret al. (2004); Rangekt al. (2004); Bealet al. (2005); Li
and Zhan (2006)).

To examine causal relation among genes, a major sourcecn§err
comes from the noises of the gene expression data intrinsic t
microarray technologies (Thattai and van Oudenaardenl{200

meter )\, i.e. a higher\ results in a more consistent or conserved
network.
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