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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

®)
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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.





















