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ABSTRACT: When we want to find out the regulatory re-
lationships between genes from gene expression data, dimen-
sionality is one of the big problem. In general, the size of
search space in modeling the regulatory relationships grows
in O(n?) while the number of genes is increasing. However,
hopefully it can be reduced to O(kn) with selected k by apply-
ing divide and conquer heuristics which depend on some as-
sumptions about genetic network. In this paper, we approach
the modeling problem in divide-and-conquer manner. We ap-
plied clustering to make the problem into small sub-problems,
then hierarchical model process is applied to those small sub-
problems.

1 INTRODUCTION

Recently, gene expression data is used widely to infer the
functional relationships between genes. There are many ap-
proaches to use microarray gene expression data for various
objectives. One of such topics is about genetic networks. In-
ference methods of genetic network can be distinguished in
two categories according to whether the network includes dy-
namics information or not. For dynamic genetic network,
time-series gene expression data is being used widely. How-
ever, inferencing dynamic genetic networks is difficult be-
cause there are many parameters in the dynamics model. To
reduce the search space into manageable size, we use heuristic
divide and conquer algorithm to model genetic networks. To
show the effectiveness of this approach, we apply our idea to
learn target system with S-system model.

2 PROPOSED APPROACH

To overcome the huge search space problem in fitting target
genetic network model using some gene activity information,
we considered following widely accepted assumptions.

e Co-regulated genes or closely regulated genes can be
found to a certain extent.

» Gene regulatory network is sparse. So the genes which
regulate some specific gene are just a few.

e Several ‘similar’ gene activity information can be re-
gressed into one representative,
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For Ist assumption, there are several methods to identify
co-regulated genes including clustering. For 2nd assumption,
it is generally common that the number of genes which reg-
ulate some specific gene is small compared to entire number
of genes in genetic network even though a few special ‘hub’
genes may regulate with many genes. And for 3rd assumption,
we adopt clustering and try to make representatives of clusters
even though it is not still clear what is good regression method.

Based on these assumptions, we propose divide and con-
quer approach to reduce the search space in the process of
fitting target genetic network.

2.1 Proposed divide and conquer strategy
2.1.1 Overall procedure

The objective of the divide and conquer strategy proposed here
is to reduce the search space into manageable size when we fit
the target genetic network model.

Proposed divide and conquer approach is composed of fol-
lowing steps.

e Step 1 : Build hierarchical groups of genes while each
group includes closely co-regulated genes.

e Step 2 : Repeat following fitting procedure from the root
to the bottom of the hierarchy.

— Find regulatory relationships between groups on
current level.

— For each group G; on current level, select other
groups which regulate G; more than some thresh-
old degree while restricting the number of selected
groups.

— Decompose the groups into G; as new element
named abstrat element.

— Go into every G; which is not an abstract ele-
ment and repeat step 2 by treating elements in it
as groups. If G; includes only one gene X;, take the
regulatory relationships on G; as those of X;.

Each steps will be discussed in following subsections.

2.1.2 Building hierarchical groups

From 1st assumption, we group each genes into several groups
which include at most k predefined number of elements. This
k is determined according to the distribution of connectivity
degree in target network and feasibility of modeling systems
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which have at most k variables in them. When the used model
is complex, too many variables in the model can make the
fitting process very hard. So, k may be determined to as large
value as possible while it does not make the fitting process
infeasible.

If the number of result groups is more than k after group-
ing, those groups are re-grouped again in the same manner
hierarchically until the resulting number of groups is equal or
less than k. This procedure builds hierarchical tree structure
of genes that each node has at most k children.

2.1.3 Finding regulatory relationships between groups

With the hierarchically grouped structure of genes from pre-
vious step, the procedure to find regulatory relationships be-
tween groups is conducted repeatedly on each hierarchy level.

Let’s assume that there are m (<= k) groups Gy, Ga,...,Gn,
on some level. For these m groups, model fitting algorithm
is applied to find regulatory network between those groups.
The model fitting algorithm can be one of the search algo-
rithms like genetic algorithm, but should be selected carefully
because proper search method may be different according to
type of data of the problem characteristics, and so on.

For two groups G; and G, a regulation relation that G; reg-
ulates G; with degree of d will be represented as follows:

Regulate(G;,G;,d) ¢Y)

2.1.4 Decomposition of abstract elements

Before going into lower level of hierarchy, the regulation re-
lations with abstract elements are decomposed first. Let’s as-
sume that some abstract element A, which is from upper level,
regulates G; with regulation degree d.

Regulate(A,Gi,d) )
And suppose that A is composed of inner lower elements

ay, az, .., dg:

Az{ahaZ)"'raq} (3)

The decomposition of regulation relation is defined as fol-
lowing. When a group of genes A, A = {a1,a2,...,a,}, regu-
lates a gene or group G;, the regulation relation can be decom-
posed into as following.

Regulate(A,G;,d) = Regulate(ay,Gi,dy,)
Regulate(az,Gi,dgy) ...,

Regulate(ann T7 dam)

Q)

The  notation means proper regression of regulation. By
decomposition process described in this section, the upper
level regulations are split into lower level regulations. This
makes the final solution be constructed with not abstracted
groups but actual genes finally.

2.1.5 Inserting abstract elements

After model fitting and decomposition process on current
level, other groups which regulate G; are determined for each
group G;. These regulating groups are every G;(j # i) which
regulate G; more than some regulation degree threshold 6.
Let’s assume that G; includes p elements which are subgroups
of G,':

Gi={g1,82,--+8p}, (P k) )

If the number of groups which regulate G; more than thresh-

old 9 is ¢, those ¢ groups are also able to be in G; because

it is determined that they regulate G;, so the elements of G;.

Now, those t groups are inserted into G; as abstract elements.

Finally, the G; will be Iike following after inserting abstract
elements:

Gi:{gl7g21-",gpvalaa21-'-;at} (6)

aj are abstract elements.

2.2 Search space analysis

Let’s assume that there are total n genes in target genetic net-
work which is unknown yet. Generally, the number of param-
eters of genetic network model is O(n?) without any knowl-
edge on genetic network. Our objective is to reduce that order.

Let k be the maximum number of elements in a group when
the proposed divide and conquer approach is applied to find
target genetic network. By hierarchical grouping procedure,
the hierarchy tree of groups of genes is constructed while each
node has at most k£ elements(groups or genes). We assume that
the number of abstract elements in a group is small constant,
C. So the number of parameters in the process of finding ge-
netic network model in one group is:

O((k+C)*) = 0(k?) 0]

Decomposition procedure finds the regulation degree of
each regulations of lower level elements in some group(which
is an abstract element). It is to find every d,, in right hand side
of the equation (4). We can assume that the number of param-
eters in decomposing one group which is an abstract element
is

O(k)

because one group may have at most k elements in it.

In worst case, decomposition process of one abstract ele-
ment can occur at most k times because there are maximum
k non-abstract elements in the group. So, the total number of
parameters of decomposition for one abstract element is

&)

kO(k) = O(k?) )

Because there are constant C abstract elements in a group,
the total number of parameters in decomposing every abstract
element in one group is:

C-0(k*) = O(k?) (10)

By (7) and (10), the total number of parameters in one group
is
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O(k*) + O(k*) = O(K?) (11)

When we build hierarchical tree of groups from n genes
by limiting the maximum number of elements to &, the total
number of nodes(groups) is

Klosen —1  p—1

2 (loggn—1) _ —
1+k+k°+...+k | =

(12)

Finally, the total number of parameters to be fitted is deter-
mined by multiplication of (11) and (12).

n—1
k-1

So, the total number of parameters can be reduced to O (kn).
If k < n, it goes to O(n).

-O(k*) = O(kn)

(13)

3 S-SYSTEM MODELING
PROPOSED APPROACH

WITH

3.1 S-system model

There are n genes Xi, X3, ..., X, and time-course expression
data Dy, Dy, ..., D, accordingly. The simplified form of S-
system model describes the dynamics of some variable X; as
follows:

dX;

dt HXgu BtHX v

S-system model has the form which is easy to understand
and intuitive. However, the major disadvantage of S-system
model is its large number of parameters to be estimated. The
number of parameters is 2n(n + 1), where n is the number of
state variables. Several approaches to use S-system model to
describe the dynamics of biosystems have been proposed. A
technique for the dynamic modeling of complex biosystems
by combining genetic algorithm and the S-system has been
proposed [1] [2]. However, estimation of the S-system param-
eters is too difficult with the conventional simple GA. There
were another improvement in using GA to predict the param-
eters of S-system [3]. They improved an evaluation function
of GA that aims at eliminating futile parameters by adding the
sum of the absolute values of model parameters to the con-
ventional error function. With this and additional ideas, they
succeeded to increase the predictable number of parameters
using GA and showed its performance by fitting 5 variable S-
system example. However, the use of GA on S-system is still
very limited to the case of such a few variables.

When the number of variables in a S-system is increased
more than about 5, it is very difficult to find even sub-optimal
solutions. This is because of the huge increase of entire search
space and the sensitivity of large size S-system.

(14)

3.2 Proposed method for S-system with GA

In this section, divide and conquer algorithm using clustering
and GA to estimate S-system parameters is proposed. Basi-
cally, this algorithm follows the procedure which is mentioned

earlier. In addition to the basic algorithm structure, it needs
following key methods for learning S-system with clustering
and GA.

¢ Hierarchical group structure building algorithm
e Making representative time-course for a group
o Parameter search algorithm for S-system

e Parameter search algorithm in the decomposition pro-
cess.

For hierarchical group structure building, hierarchical clus-
tering of time-course gene expression has been used. For two
parameter search procedures, GA has been used.

The specific steps is as follows:

1. Hierarchical clustering of gene expression data.

2. Making restructured cluster hierarchy such that each
node has at most & children.

3. From root, using GA to estimate S-system between clus-
ters. In each cluster, decompose abstract elements.

4. Putting at most k — 1 regulating element into the regu-
lated cluster as abstract elements.

5. Repeating step 3 and 4 until leaf node is encountered.

Hierarchical clustering and hierarchy restructuring is done
easily by using normal hierarchical clustering and cutting
proper levels to reset the size of clusters. We will describe
the GA to learn S-system between clusters and to decompose
abstract elements in following subsections.

3.2.1 GA for learning S-system between clusters

For learning a S-system between clusters, we use averaged
gene expression data as a representative for each cluster. With
those representative data, we apply following evaluation func-
tion in the process of GA [3].

E-¥

i=1

X/(t)-X:(r) - -
(T) +CnT{Z'gu|+ 2 lhui}

ij Lt
(15)

o

Fitness = —= (16)

n is the number of variable in the S-system. T is the number
of sampling points of the time-course data. X/(r) is the numer-
ically calculated time-course at time ¢ of a state variable X;,
and X;() represents the experimentally observed time-course
at time ¢ of X;.
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3.2.2 GA for decomposition of abstract elements

In the decomposition process, the regulation relation with an
abstract element should be decomposed into relations of chil-
dren of abstract element. Let’s assume that target gene X; is
regulated by some abstract element A ;. The regulation relation
of X; is expressed as follows:
dX; g

I = (X,'Xl Ix

When Aj = {aj,az,...,ap}, the decomposition procedure
decomposes Aﬁ" into following form to keep the form of S-
system description:

i ; hi
X AST—BX[ x .. xAS(17)

A =aft xaf? x ... x a4} (18)

Equation (18) requires that the multiplication of time-
course values of decomposed elements should meet the time-
course value of Aiij . To estimate those parameters, GA is used
here. The evaluation function to fit those exponents in the de-
composed result is as follows:

2
T . p
=Y (A’;” ) -]]af (t)) (19)
=1 =1
Fit -1 20)
itness = E

3.2.3 Selecting abstract elements

To go into the lower level of a cluster, other clusters those reg-
ulate the cluster are inserted as abstract elements. To reduce
the increase of search space, only at most k — 1 elements are
inserted into the regulated cluster. The degree of regulation d;;
of X; onto X; is defined as follows:
dij = |gij| + |hijl 21
With this degree of regulation, at most k— 1 elements are se-
lected as abstract elements those have regulation degree larger
than some threshold 6.

4 EXPERIMENT

4.1 Experimental environment

An S-system which has 10 variables is used as target system
to show the ability of proposed approach. When we apply
conventional GA, we couldn’t get the result when there are
more than 8 variables. We used following artificial S-system
with 10 variables as a target system. This system is made by
hand.

We sampled 10 sets of time-course from the system in Table
1 with initial values described in Table 2.

An example of used time-course data is shown in Figure 1.

The conditions of our experiment were as follows: number
of sampling point for evaluation = 10, number of choromo-
somes in population for every GA procedure = 65, max num-
ber of generation = 35000, o; and B; € [0, 15], gij and A;j €
[-3, 3], weighting parameter ¢ = 0.15, k = 5.

4 — 0.12X}* —2.5X3%

& . 35X; —4.64X962

% =0.47X}7 — 8.44X287

24 =2 .96x, %4 — 14. 99X° 62

. 36X7 — 15X} 2} 2

% =3.63X3 —10. 4X° 98X7

E‘L =13, 23x201x3x246xl 29xl 95 1451X7226
28 =0. 04X—2 3 13 25x1 31X° 94

‘5—‘,“’ =0. 44x065 -13. 67X‘ 7

é‘;& =0. 23X—2 .k 10.72)(11(-)64

Table 1: 10 variable artificial target S-system

Tral ___X] X X3 X X3 %5 X7 Ts X X|g_
T 024 093 01l 088 032 129 04 013 076 0.1
2 141 133 097 08 038 113 045 102 052 07
3 04 106 143 056 02 094 058 062 051 O
4 122 074 044 06 036 097 Ol 046 138 13
5 117 032 083 005 08 085 00l 083 024 095
6 147 108 051 133 121 117 022 098 134 062
7 062 125 037 004 016 127 087 1 102 L8
8 128 135 063 101 081 023 119 128 03 03
9 109 127 016 108 045 095 0I5 034 046 006
10 139 09 065 022 082 108 021 036 039 021

Table 2: 10 sets of initial concentrations used in our compu-
tational experiments. These values were also prepared artifi-
cially

4.2 Result

The found S-system by proposed method is shown in Table
3. The example of time-course from the found S-system with
initial values of trial 6 is shown in Figure 2.

d, X — 0.50x] 8%} — 3.63x205

d, =3.04x977 — 4.6X)%
d, =0.28X3 —8.19x798
=1. 87x—° 5 _14. 67X° 77
dX _ 133y1
d; —12.79X;-$3x124
d56 =0. 11X3X2 69 -9, 93Xo 99X7l.12
t
= 15X3Xx3 — 13.81x% "
dX

=0. 02X1 48X2 3x—2 OZX—Z 83x3
%ﬂ 0.16X2 62X'°4 13.01x}76
X0 _ 0,023 — 10.16X %

15X22.06X81.11

Table 3: S-system found by proposed algorithm.

Among total 28 non-zero exponents in the target S-system,
19 non-zero exponents are also in the found S-system. This is
about 68% correctness of finding non-zero parameters. For the
true-positive ratio, 19 of 30 non-zero exponents in the found
S-system are correct non-zero exponents. So, it showed about
63% true positives. When we count the overall exponent pa-
rameters including 0 exponents, it can be said that 180 among
200 exponents are determined correctly whether they are zero
or non-zero exponents. When we consider the fact that it is not
easy to find even a candidate solution for large size S-system,
we think that this method may provide some candidate solu-
tions for such complex systems.
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Figure 2: Time-course from learned S-system with initial val-
ues of trial 6

5 CONCLUDING REMARKS

In this paper, we proposed a divide and conquer approach to
reduce the search space in fitting systems which describe ge-
netic networks. The proposed approach makes hierarchical
groups of genes and find local regulatory relationships in each
group. With the concept of abstract element and decompo-
sition, this approach tries to find the connectivity of relation
between elements in different groups. The proposed approach
can get a candidate system model which describes complex
dynamic system. When this approach is used with selected k,
the number of parameters to be found is reduced from O(n?) to
O(kn). We evaluated the performance of the proposed method
with a artificial S-system of 10 variables.

Based on the current work, we would like to study the fol-
lowing issues as a further work. We just applied proposed
approach to find 10 variables target S-system and need further
evaluation to show the effectiveness of this approach for larger
scale systems. In fact, the S-system model is not suitable for
larger scale system modeling because of its high nonlinearity
and high sensitivity. So some further study on larger genetic
network model and application of proposed approach to those
cases may be needed.
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