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Abstract tial equation models [7, 10, 11, 32] and Bayesian networks
[13, 14,17, 18, 20, 22, 23, 37]. Main drawback for the gene
We propose a statistical method for estimating a gene network construction from microarray data is that while the
network based on Bayesian networks from microarray genegene network contains a large number of genes, the in-
expression data together with biological knowledge includ- formation contained in gene expression data is limited by
ing protein-protein interactions, protein-DNA interactions, the number of microarrays, their quality, the experimen-
binding site information, existing literature and so on. Un- tal design, noise, and measurement errors. Therefore, es-
fortunately, microarray data do not contain enough infor- timated gene networks contain some incorrect gene regu-
mation for constructing gene networks accurately in many lations, which cannot be evaluated from a biology view-
cases. Our method adds biological knowledge to the es-point. In particular, the direction of gene regulation is dif-
timation method of gene networks under a Bayesian sta-ficult to decide using gene expression data only. Hence,
tistical framework, and also controls the trade-off between the use of biological knowledge, including protein-protein
microarray information and biological knowledge automat- and protein-DNA interactions [3, 5, 16, 21, 25], sequences
ically. We conduct Monte Carlo simulations to show the of the binding site of the genes controlled by transcription
effectiveness of the proposed method. We analyze Sacchaegulators [31, 40, 47], literature and so on, are consid-
romyces cerevisiae gene expression data as an applicationered to be a key for microarray data analysis. The use of
biological knowledge has previously received considerable
attention for extracting more information from microarray
data [4, 6, 18, 33, 36, 38, 41].

1. Introduction In this paper, we provide a general framework for com-
bining microarray data and biological knowledge aimed at
In recent years, a large amount of gene expression dataestimating a gene network by using a Bayesian network
has been collected and estimating a gene network has bemodel. If the gene regulation mechanisms are completely
come one of the central topics in the field of bioinfor- known, we can model the gene network easily. However,
matics. Several methodologies have been proposed fomany parts of the true gene network are still unknown and
constructing a gene network based on gene expressiomeed to be estimated from data. Hence, it is necessary to
data, such as Boolean networks [1, 2, 32, 42], differen- construct a suitable criterion for evaluating estimated gene



networks in order to obtain an optimal network. While cri- and normally on mean 0 and variam:g. Here,m;i () isa
teria proposed previously for evaluating a Bayesian network smooth function constructed by-splines [9, 12, 24] of the
model only measure the closeness between a model and miform
croarray data, we derive a criterion for selecting networks
based on m?crqarrgy data and biological knowledge. The N 5) ) (D)
proposed criterion is conducted by two components: One mik(pyy, ) = Z Tk Ok (Pi )
shows the fitness of the model to the microarray data and m=1
the other reflects biological knowledge, which is modeled
under a probabilistic framework. Our proposed method au- /
tomatically tunes the balance between the biological knowl- splines an(alyfjl,)C are parameters. Hence, a Bayesian network
edge and microarray data based on our criterion and esti-and nonparametric heteroscedastic regression model can be
mates a gene network from the combined data. In Sectionrepresented as
2.1, we describe our statistical model for constructing gene

networks and introduce a criterion for evaluating networks
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in Section 2.2. A statistical framework for representing bi- f(@i:0c) = H fi(@ij|pij3 05)
ological knowledge is described in Section 2.3. In Section =1
2.4, we illustrate how to model various types of biological o ; — 1, where 0. is a parameter vector and

knowledge in practice. Monte Carlo s_imulations, in Section Jj(xij‘piﬁej) is a density of Gaussian distribution with
3.1, are conducted to show the effectiveness of the propose

() o , () ; 2
method. We apply our method &accharomyces cerevisiae MEaNM1(Pi1°) + -+ + myq, (piy;) and variancerj;. If

gene expression data in Section 3.2. geng has no parent genes, we ugg and o7 instead of
mu(p9) + -+ Mijq; (pggj_) ando?;, respectively.
2. Method for Estimating Gene Networks This model has several advantages. Unlike Boolean net-

works and discrete Bayesian networks [13, 14, 17, 18, 20,
37], no discretization of gene expression data, which leads
to information loss, is required. Second, even nonlinear re-
lationships between genes are automatically extracted based
on gene expression data.

2.1. Bayesian network and nonparametric het-
eroscedastic regression model

Bayesian networks [26] are a type of graphical models
for capturing complex relationships among a large amount o ]
of random variables by the directed acyclic graph encoding 2-2- Criterion for evaluating networks
the Markov assumption. In the context of Bayesian net-
works, a gene corresponds to a random variable shown asa Some gene networks are partially known, but many
node, while gene regulations are shown by directed edgesmechanisms of gene regulations are still unknown. There-
Thus gene interactions are modeled by the conditional dis-fore we need to estimate unknown structures of the gene
tribution of each gene. We use Bayesian network and non-network from the data. Hence, the construction of a suitable
parametric heteroscedastic regression models [23] for con-criterion for measuring the closeness between an estimated

structing gene networks from microarray data. gene network and the true one is an essential problem for
Suppose that we havesets of microarray$zy, ..., ¢, } statistical gene network modeling. Following the result of
of p genes, wherer;, = (;1,...,7;,)7 is ap dimen- Imoto et al. [23], a criterion for evaluating an estimated

sional gene expression vector obtained:thy microarray. gene network can be derived from Bayes approach. At first,
Here, z;; is an expression value gth gene, denoted by we briefly introduce the derivation of their criterion. We
geng, measured byth microarray after required normal- then explain how extend their criterion for combining mi-
izations and transformation [39]. Ordinany; is given by croarray data and biological knowledge.

logy(R;;/Gij), whereR;; andG;; are normalized intensi- When we construct a gene network by using a
ties of Cy5 and Cy3 for genemeasured byth microarray. Bayesian network model, the posterior probability of the
The interaction between gepand its parents is modeled network is obtained as the product of prior probability of
by the nonparametric additive regression model [19] with the networks(G) and the marginal likelihood divided by

heterogeneous error variances the normalizing constant. After dropping the normalizing
) ) constant, the posterior probability of the network is propor-
zig =mi(pir) + -+ myq, (pig)) + €iss tional to

Wherepl(.{,) is the expression value dith parent of geng (G) / ﬁ F(xi:06)m(06|N)d0G
measured byth microarray and;; depends independently ey v '



where m(0¢|A) is a prior distribution on the parame-
ter vector 8 with hyperparameter vectoA satisfying
log m(0¢|A\) = O(n). The essential problem for construct-
ing a criterion based on the posterior probability of the net-
work is how to compute the marginal likelihood given by
a high dimensional integral. Imotet al. [23] used the
Laplace approximation for integrals [8, 30, 45] and de-
rived a criterion, named BNR{;.,, (Bayesian network
and Nonparametric_hetesgedastic Bgression @terion),

of the form

BNRChetero(G) = —2log m(G)

n ~ ~
+log ‘%JA(GG)’ — i\ (0c|X),

where
1
IN(0c|X) = Zlogf (i:00) + —log (6| A),
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andf is the mode of (6| X).
Suppose that the prior distributiar{@|A) is factorized
as

T(0c|A) = Hﬁjk("i’jkp‘jk)a
Jk
wherey;, = (yﬂ),. ng?k )7 is a parameter vector and

Aji IS a hyperparameter We use a singuldy;, variate
normal distribution as the prior distribution ey},
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where K, is anM;;, x Mj, symmetric positive semidef-
inite matrix satisfying v, K,y (7(”

a= 3
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Figure 1. A gene network and its energy. The
index sets Lg, Ly and Ly are illustrated and
L, and L, are defined by empty sets. The
local energiesare E3=U;13, E4=Us4and Ej
=Ujss + Uys. The total energy of this network

iS E=Eg+ Es4+ E5=U13+ U324 +Ugs + Ugs.
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wherew;;, i = 1,...,n are weights of the heterogeneous

error varianceofj = wi_jla?- and Aj = BkaW By,
+nBk, with By = (b)), - bir@E))T,
bik(plh) (b3 @), - b”ikk@%))) , oW =
diag(wij, ..., wn;) and B = o A]k The details of the

parameter estimation are described in Imettal. [23].
2.3. Adding biological knowledge

The criterion BNRG:co(G), introduced in the previous
section, contains two quantities: the prior probabiity=)

of the network, and the marginal likelihood of the data. The
marginal likelihood shows the fitness of the model to the mi-
croarray data. The biological knowledge can then be added
into the prior probability of the network(G).

Let U;; be the interaction energy of the edge from
gene to gene and letU;; be categorized intd values,
H,, ..., H;, based on biological knowledge. For example, if
we knowa priori geng regulates genewe setU;; = H;.
However, if we do not know whether geneegulates gene
or not, we sel/;; = H,. Note that0 < H; < H,. The



total energy of the networ& can then be defined as Stepl: Set the values;, ..., (;.
Step2: Estimate a gene network by minimizing

E(G)= Y Uy BNRChetero(G) under the givery, ..., ¢;.
{i,j}eqG Step3: Repeat Stepl and Step2 against the candidate values
of Cl: ooy C].

where the sum is taken over the existing edges in the net'Step4: An optimal gene network is obtained from the
work G. Under the Bayesian network framework, the total -5ndidate networks obtained in Step3.

energy can be decomposed into the sum of the local ener-

gies In Step2, we use the greedy hill-climbing algorithm for
p p learning networks. The details are shown in Imetaal.
E(G) = Z Z U = ZEW (1) [23]. Note that the proposed prior probability of the network
j=lieL; j=1 can be used for other types of Bayesian network models,
such as discrete Bayesian networks and dynamic Bayesian
where L; is an index set of parents of ggnand E; = networks [29, 34, 36, 43].
> icr, Uij is alocal energy defined by genand its par- The computation of partition functior?, is intractable
ents. Figure 1 shows an example of a gene network and itseyen for moderately sized gene networks. To avoid this
energy. problem, we compute upper and lower bounds of the par-
The probability of a networks, 7(&), is naturally mod-  tja| function and use them for choosing the optimal values
eled by the Gibbs distribution [15] of ¢1, ..., ¢;. An upper bound is obtained by directed graphs,
. which are allowed to contain cyclic graphs. Thus the true
m(G) = Z"" exp{—CE(G)}, &) value of the partition function is not greater than the up-

per bound. A lower bound is computed by multi-level di-
rected graphs with following assumptions: (A1) There is
one top gene and (A2) Genes at the same level have a com-
_ _ mon parent gene that is located on one upper level of them.
Z= Z exp{=CE(G)}. We also consider joined graphs of some multi-level directed
graphs satisfying (A1) and (A2). Since the number of pos-
Here G is the set of possible networks. By replacing sible graphs is much larger than those included in the com-
(Hy,...,CHyr with (1, ..., (1, respectively, the normalizing putation, the true value of the partition function should be
constantZ is a function of¢;, ..., {;. We call(; an inverse greater than the lower bound. Since the optimization of the
normalized temperature. By substituting (1) into (2), we network structure for fixedy, ..., {; does not depend on the
have value of the partition function, our method works well in
» practice. Of course, when the number of genes is small, we
7-1 H exp{—CE;} can perform an exhaustive search anql compute the partition
function completely. However, we think that the develop-

where( (> 0) is a hyperparameter arid is a normalizing
constant called the partition function

Geg

(@)

j=1

Jp ment of an effective algorithm to enumerate all possible net-
- g1 H H exp(—Cagi)s works or approximate the partition function is an important

Jier, ’ problem.

with a(i, j) = k for U;; = Hj. Hence, by adding bio- 2 4. Prior design for various biological knowledge
logical knowledge into the prior probability of the network,

BNRChetero Can be rewritten as In this subsection, we show some examples of biological

BNRChetero(G, Ciy s (1) = 2log Z kn_ow!edge a_nd how to inglude them into the prior proba-
» bility in practice. We consider using two valuésand(,
+ 2{2 Z Calig) + BNRC%W}. ©) satisfying0 < (; < (s for representing biological knowl-

edge. Basically, we allocatg to a known relationship and

(> otherwise. The prior information can be summarized as
We can choose an optimal network under the given ap x p matrix U whose(s, j) elementu;;, corresponds to

(1, ..., (7. Also the optimal values ofy, ..., (; are obtained (1 or¢o.

as the minimizer of (3). Therefore, we can represent an

algorithm for estimating a gene network from microarray Protein-protein interactions

data and biological knowledge as follows: The number of known protein-protein interactions is
rapidly increasing and kept in some public databases such

j=1 €L,



€1, 82 =.7g1 +¢€2 g5 =.7g1 +¢e5, g0 = 1/{1 + exp(—4g3)} + €10
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Figure 2. Artificial gene network and functional structures between nodes.

as GRID [16] and BIND [3, 5]. Protein-protein interactions directly into our method by transforming the prescribed
show at least two proteins form a complex. Therefore, network structures into the matriX. We can then estimate
representing protein-protein interactions by a directed a gene network based dii and microarray data. Our
graph is not suitable. However, they can be included method also can use gene networks estimated by other
in our method. If we know geneand geng create a  techniques such as boolean networks, differential equa-
protein-protein interaction, we sef; = u;; = ¢;. In such tion models, and so on. Also, some databases, such as
a case, we will decide whether we make a virtual node KEGG [28], contain several known gene networks and
corresponding to a protein complex theoretically [35]. pathways. This information can be used similarly.

Protein-DNA interactions Literature _ -
Protein-DNA interactions show gene regulations by tran- Some research has been performed to extract information

scription factors and can be modeled more easily thanfrom a huge amount of literature [27]. Literature contain

protein-protein interactions. When gerie a transcription ~ various kinds of information including biological knowl-
regulator and controls geneve setu;; = ¢; andu;; = Co. edge described above. So we can model literature infor-

mation in the same way.

Sequences . .

Genes that are controlled by a transcription regulator 3. Computational Experiments

might have a consensus motif in their promoter DNA

sequences. If geng...,geng, have a consensus motif and 3.1. Monte Carlo simulations

are controlled by genewe setu;;, = -+ = w;;, = (1

anduj,; = --- = u;,; = (3. Previously, consensus Before analyzing real gene expression data, we perform
motifs were often used for the evaluation of estimated geneponte Carlo simulations to examine the properties of the
networks from a biological viewpoint. This information, roposed method. We assume an artificial network with 20
however, can be introduced directly into our method. One poges shown in Figure 2 (a). The functional relationships
straightforward way is the use of known regulatory motifs petyeen nodes are listed in Figure 2 (b). A network will be
kept in public databases such as SCPD [40] and YTF [47]. tepyilt from simulated data consisting of 50 or 100 observa-
As for an advanced method, Tamaelaal. [44] proposed  +ions, which corresponds to 50 or 100 microarrays. As for
a method for simultaneously estimating a gene network yhe piological knowledge, we tried the following situations:
and detecting regulatory motifs based on our method, andcase 1)we know some gene regulations (100%, 75%, 50%
succeeded in estimating an accurate gene network angy 2504 out of 19 edges shown in Figure 2 (a)) é8dse 2)

detecting a true regulatory motif. we know some gene regulations, but some (1, 2, or 3) in-
correct edges are kept in the database. The candidate values
Gene networks and pathways of ¢; and(, are{0.5, 1.0} and{¢;, 2.5, 5.0, 7.5, 10.0},

The information of gene networks can be introduced respectively.
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Figure 4. An example of resulting networks
Figure 3. The behavior of BNRC ;... When ¢, based on 100 samples. We used ¢; = 0.5 and
= 0.5. We can find out the optimal inverse nor- ¢, = 5.0 that are selected by our criterion (see
malized temperature (¢, is 5.0. Figure 3).

Figure 4 shows two estimated networks: One is esti- can restrict the search space of the Bayesian network model
mated by 100 observations (microarrays) alone. We uselearning effectively.
(1 = (2 = 0.5, i.e. we did not use any knowledge (we In (Case 2) the results depend on the type of incorrect
denote this network by, for convenience). The other knowledge.
is estimated by 100 observations and prior information of (i) If we use misdirected relations, e.g. ggnre geng, as
75% gene regulations, i.e. we know 14 correct relations prior knowledge, serious problems occur. Since microarray
out of the all 19 correct edges (we denote this network by data to some degree support the misdirected relations, they
N1). Edges appearing in both networks are colored green,tend to receive a better criterion score.
while edges appearing iV, or N; only are colored blue (i) If we add indirect relations such as gene geng, we
and red, respectively. By adding prior knowledge, it is clear observed that our method controlled the balance between
that we succeeded in reducing the number of false positivesthis prior information and microarray data and could decide
We also find additional four correct relationships. Figure 3 whether the prior relation is true.
shows the behavior of BNRE;.., when(; = 0.5. We find (iii) Ifirrelevant relations such as gefge— gene are added
that the optimal value of; is 5.0. From the Monte Carlo as prior information, we observed that our method could re-
simulations, we observed th&t can be selected by using ject these prior information, because, the microarray data
middle values (depicted by a blue line) of upper and lower do not support these relations.
bounds or upper bounds in practice. For the selectian ,of
we use the middle value of the upper and lower bounds of3 2 Example using experimental data
the score of our criterion.

The results of the Monte Carlo simulations are summa-  In this subsection, we demonstrate our method by ana-
rized as follows: lyzing Saccharomyces cerevisigene expression data ob-
In (Case 1) we obtained networks more accurately as long tained by disrupting 100 genes, which are almost all tran-
as we add correct knowledge. We observed that the num-scription factors. We focus on five gen@ddCM1, SWI5
ber of false positives decreased drastically. We presumeACE2 SNF2and STE12(see Table 1) and extract genes
the reason is the nature of directed acyclic graphs. Sincethat are regulated by these 5 genes from the Yeast Proteome
a Bayesian network model is a directed acyclic graph, oneDatabase [46]. Thus, we construct a prior network shown in
incorrect estimate may affect the relations in its neighbor- Figure 5, based on the database information. We include the
hood. However, by adding some correct knowledge, we prior network in our Bayesian network estimation method.



MCMZ1: transcription factor of the MADS box family

MET14 CDC6 MET2 CDC5 MET6, SIC1 STEG CLN2 PCL2 STE2 ACE2 MET16

MET3 MET4, CAR1 SWI5 PCL9Y CLB1, MET17 EGT2 ARG5,6 PMAL RME1 CLB2
SWI5: transcription factor

CDC6, SIC1 CLN2 PCL2 PCL9 EGT2 RME], CTS1HO
ACE2: metallothionein expression activator
CLN2 EGT2 HO, CTS1 RME1

SNF2: component of SWI/SNF global transcription activator complex
CTS1HO

STE12 transcriptional activator
STEG FAR], KAR3 SST2FUS], STEZ2 BAR]1 AGAL AFR], CIK1

Table 1. Five transcription factors and their regulating genes.
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Figure 5.‘ Prior knowledge ngtwork. The genes Figure 6. Resulting network based on microar-
that are in each shadowed circle are regulated ray only.
by the parent genes. |
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1
Z= ’
cTS1
YLR286C AGAL
HO YNRO44w FARL
BARL YJL157C

YDL227C
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That is, the purpose of this analysis is to estimate the geneure 8 shows the resulting network based on microarray data
network containing above 36 genes from microarray dataand the biological knowledge represented by the prior net-
together with the prior network. Figure 6 shows the esti- work in Figure 5. We show the edges that correspond to the
mated gene network using microarray data only. There areprior knowledge in black. The edges between genes that
many non-prior edges and many of them are probably falseare regulated by the same transcription factor in the prior
positives. In addition, we find three misdirected relations: network are shown in blue. The red edges do not corre-
“SWI5— MCMZ’, “HO — ACEZ and “STE6— STE12. spond to the prior knowledge. In particular, we find that
By adding the prior network, we obtain the gene network the relationships arounftCM1 improve drastically. The
shown in Figure 8. As for the inverse normalized temper- network based on microarray only (Figure 6) indicates that
atures(; and (s, we set(; = 0.5 and choose the optimal only SIClandACEZ2are regulated biMCM1. Note that the
value of (. We also estimated a gene network based onunderlined genes correspond to the prior network informa-
¢1 = 1 and found the results described below to be essen-tion. After adding the prior knowledge and optimizing the
tially unchanged. inverse normalized temperatures, we find that 10 genes out
of 24 genes that are listed as co-regulated gens&ai1in
Table 1 are extracted. Also, the relationships arobm&12

Figure 7 shows the behavior of BNRG..,., with respect
to ;. We find that the optimal value af; is 2.5. Fig-
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can find out that the optimal value Figure 8. Resulting network based on microarray data

of ¢, is 2.5. and biological knowledge. The inverse normalized tem-
peratures are selected by our criterion ( (;=0.5, (,=2.5).

become clearer. Before adding prior knowledge, the esti-4. Discussion
mated network in Figure 6 suggestt)S], AFR1 KAR3
BAR1 MET4, MET16andMCML1 are regulated bgTE12 In this paper we proposed a general framework for com-
while STE12is controlled byHO, STE6and MET3 On bining microarray data and biological knowledge aimed at
the other hand, the network in Figure 8 shows BaE12 estimating a gene network. An advantage of our method
regulateFUS1, AFR1, KAR3 CIK1, STE2 STE§ HO and is the balance between microarray information and biolog-
MCM1. Note that the three misdirected relations described ical knowledge is optimized by the proposed criterion. By
above are corrected in Figure 8. The difference between theadding biological knowledge into our Bayesian network es-
inverse normalized temperaturés = 0.5 and(, = 2.5 timation method, we succeeded in extracting more infor-
is small, because the score of the criterion is adde2as  mation from microarray data and estimating the gene net-
or 2(», when we add an edge that is listed or not listed in work more accurately. We believe that the combination of
the prior network, respectively. Therefore, microarray data microarray data and biological knowledge gives a new per-
contain this information and we succeeded in extracting this spective for understanding the systems of living creatures.
information with the slight help of the prior network. We consider the following problems as our future works:
(1) In the real application, we demonstrated how to use the
gene network that is obtained biologically as a prior knowl-
We optimized the inverse normalized temperatgse  edge. There are various types of biological knowledge we
based on the proposed criterion. From the network basedisted in Section 2.4. It is a very important problem how to
on the optimal inverse normalized temperatures, we can finduse such knowledge together with microarray data in prac-
the gap between microarray data and biological knowledge.tice. (2) From biological knowledge, we deterministically
By comparing Figure 6 with Figure 8, we find that the mi- decided the category to which edges belong, @,¢9.= (1,
croarray data reflect the relationship between seven genes;» = (2, and so on. However, biological knowledge con-
(CLN2 RMEL CDC6 EGT2 PCL2 PCL9andSIC]) and tains some errors. In fact,; can be viewed as a random
two transcription factorsMCM1 andSWI9. On the other  variable, and a statistical model can be constructedfpr
hand, we find that there are somewhat large differences bein that sense, our method can be extended as a Bayesian
tween microarray data and the prior network for the rela- network estimation method with a self-repairing database
tionship betweetCM1 and the thirteen genes that are in mechanism. We would like to investigate these problems in
the biggest circle. a future paper.
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