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To estimate genetic network from DNA microarray data, we proposed the method con-
structed from two parts. First, extraction of direct causal path from DNA microarray data
using partial correlation and covariance select with deviance. And second, search the orien-
tation to extracted causal path such maximize score function based on PageRank. We also

compared required search methods.

1 Introduction As examples of genetic network
estimation method, we can see the approach with
boolean network!) , bayesian network, differential equa-
2 and petrinet®) . But these approaches
extracted direct causal
paths among genes with covariance selection based on
partial correlation and deviance, and proposed the path
orientation algorithm such satisfies causal merge condi-

sion system
have some difficulties. Afuso?)

tion.

In this paper, We proposed a score function for orien-
tations such shows fitness between orientations and given
DNA microarray data®) . Also we implemented orienta-
tion search methods such maximize the score function
and selected one such has highest orientation accuracy
by experiments.

2 Outline of Proposal Genetic Net-
work Estimation Method Proposal estimation
method is constructed from two parts. First, extraction
of direct causal path from DNA microarray data, and
search the path orientation such miximize score function.

DNA microarray data® contains information about
influences among genes. The information has two kind,
direct and indirect. It is difficult to distinguish them

from DNA microarray data. To extract direct influence,
we considered partial correlation that can be obtained
from DNA microarray data as direct influence among
genes and calculated it. Partial correlation between ele-
ment ¢ and j r, can be obtained by the formula below.

i
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In this formula, 7%/ denotes (4,§) element of inverse ma-

1)

Tey =

trix R~ of correlation matrix R from DNA microarray
data.

Partial correlation values are calculated from DNA mi-
croarray data include unsignificant one. To remove un-
significant one, we executed covariance selection based on
deviance. Deviance Dev denotes fitness between model
and DNA microarray data and can be obtained by the
formula below.

R
Dev = log 1] (2)

In covariance selection, we let the partial correlation

value such has minimum absolute value be 0, and cal-
culate deviance Dev. If the value of significance proba-
bility p of Dev is lower than the threshold, we consider

(2)



the corresponding causal path as unsignificant and re-
move it. If not, we consider it as significant and leave
it. we repeat this procedure until any causal paths can’t
be removed. By following above steps, we can extract
direct and significant causal paths among genes.

3 Score Function for Orientation To
choose the orientation more fit to DNA microarray data,
we need a score function for orientations.

Generally, it is difficult to observe true genetic net-
work. So, direct comparison between affair network and
true network is hard. By focusing to network characteris-
tic such we can estimate from DNA microarray data, we
proposed score function that reprisenting fitness between
affair and given DNA microarray data.

In DNA microarray experiment, we control one gene
and observe the change of expression level of other gene.
This change of expression level is occured by influence
of control of gene. We.can say that gene such many in-
fluences come in from other genes has change of expres-
sion level in many DNA microarray experiments. This
fact shows that reachability among genes has connectiv-
ity with DNA microarray data.

On the other hand, PageRank®) is used in Web as
network characteristics, and connected to reachability of
user among Web pages.

By the analogy that DNA microarray data and PageR-
ank is connected to reachability of each network, we
assumed that PageRank can be estimated from DNA
microarray data and defined the distance between esti-
mated PageRank from DNA microarray data and calcu-
lated PageRank from affair network.

To estimate PageRank from DNA microarray data, we
used mean of DNA microarray data among experiments.

o > expij
L 3)

In this formula, pi;, exp;;, and N denote estimated
PageRank of gene 7, observed value about gene i in exper-
iment j, and the number of experiments. We used corre-
lation between two PageRank values because PageRank
is relative value. So, the score Scr(A)of affair A is ob-
taind by next formula.

Scr(A) = Cor(epr, cpr) (4)

In this formula, Coor is correlation function. epr and cpr
coresspond to extimated PageRank from DNA microar-
ray data and calculated PageRank from affair network.
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Figure 1: Score Calculation

By searching affair such has score near 1, we can get
the network that is most fit to given DNA microarray
data.

Orientations of extracted direct causal paths has an-
other condition to satisfy. Causal path extraction with
partial correlation has a property such if true network in-
cludes the part of causal merge structure, then we should
observe pseudo causal path in the part. Causal merge
structure is the structure that some variables influence
to same variable.

As a result of the property, if the orientation to di-
rect causal paths has some part of causal merge struc-
ture, then genes such construct causal merge structure
should have a causal path each other. In other words,
if two genes has no path to each other, they don’t con-
struct causal merge structure. We call this condition as
causal merge condition(CMC), and we consider orienta-
tions such satisfy this condition as affair.

4 Search Method for Optimal Orienta-
tion To find the orientation such has highest score,
we need appropriate searching method. The orienta-
tion is formulated as conditioned combination optimiza-
tion problem. As approach to combination optimization
problem, we can see local search method and heuristics
like genetic algorithm. In this paper, we proposed net-
work neighborhood that is needed local search and chro-
some expression of affair network to use genetic algo-
rithm.

Because of that PageRank is relative value, we de-
fined neighborhood among affair network by transfor-



mation such adjust the order of PageRank among genes.
We show the transformation steps for affair network be-
low. At first, compare order of estimated PageRank from
DNA microarray data and calculated PageRank from
affair network. Second, choose gene such has highest
wrong order. Third, choose one path from coming ones
to chosen gene. And finally, reverse the chosen path. we
defined affair network such obtained by these steps as
neighborhood.

This transformation may make affair network not to
satisfy causal merge condition. So we need to more trans-
formation method such adjust the network to satisfy the
condition.

Procedure Network Adjustment
Input : initial focused node if,
initial direction node id
Begin
Stack s(focused, direction, objective);
f=if;
d :=1id;
do
Ising = checkCMC(f, d);
o € lsing;
while(|lsing| > 0)
s.push(d, f, o);
Ising := Ising - {o};
end while
(d, f,0) = s.pop();
ReverseEdge( f, 0);

d:=f;
f:=o;
while(|s| = 0)
End

However, this network adjustment method may get loop
and doesn’t finish the adjustment. So, we need the
method to determine adjustment loop.

Procedure Determination of Adjustment
Loop
Input : initial state of orientation iori,
initial focused node if,
initial direction node id,
current state of orientation ori,
current focused node f,
current direction node d
Begin
if(if == f and id == d)
nd := CountDifferentPoints(iori, ori);

if(nd == 0)
Return(loop occured);
else
Return(loop doesn’t occured);
end if
end if
End

‘We using these two method, local search can be done.

To search optimal by genetic algorithm, we need chro-
some expression of affair network. we proposed two chro-
some expression method. First, chrosome expression by
path condition. Fig.2 shows the example of this chro-
some expression.
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Figure 2: Chrosome Expression by Path Condition

In Fig.2, the number on each path denotes path label
and array on right side is chorosome expression of net-
work on left side. When we assume ¢ < j, the value
of locus in chrosome expression means as follows: 0 is
cutted, 1 is oriented from gene i to j, and 2 is oriented
from gene j to i. This chrosome expression has problem
that it is difficult to consider causal merge condition. So
we proposed chrosome expression by 3-cycle condition.
3-cycle means the cycle in affair network that has length
3. The value of each locus means label of cutted path.
Because of that orientations have to satisfy causal merge
condition, If cutted path is determined in 3-cycle, then
the condition of other path in 3-cycle is also determined.
But using this chrosome expression, it is occured that
there are some paths such their condition is not deter-
mined. So we used local search method to search the
orientation of such paths.

Other genetic algorithm conditions are shown next.
As gene select method, we used roulette and 10% elite.
As mixture method, we used uniform mixture. As mu-
tation method, we used method that select one position
randomly and change. As score function for each gene,
we used Score(A) + 1. Using above chrosome expres-
sion, we can search the optimal orientation with genetic
algorithm.



By applying of the causal merge condition strictly,
we may get affair network such has small score value.
So, we proposed the search methods that consider
causal merge condition in the end of search. The
search method that we proposed are summarized as fol-
lows: Local search method(LS1), local search method
that apply causal merge condition in the end of
search(LS2), search method with simple genetic algo-
rithm(GA), composite search method with genetic algo-
rithm and local search(GA+LS1), and composite search
method that apply causal merge condition in the end of
search(GA+LS2). Using these methods, we can search
the optimal orientation.

5 Result of Comparison Experiment To
select the search method such has highest accuracy of
orientation, we implemented some experiments.

We generated artificial data by two steps as follows.
First, generate artificial genetic network randomly using
Barabasi-Albert model”) , and second, generate artifical
data by following formula.

dataj = vo + Avg + - - - + AFyg (5)

In this formula, A dentes adjacency matrix of artificial
genetic network and vg do initial expression vector.

To evaluate orientation accuracy for each method, we
used four statistics; the value of score function(SCR),
the number of incorrect orientation to correct causal
path(DI), the number of orientation to pseudo causal
path(DP), and the number of cutted edge incor-
rectly(CI).

Using these statistics, we implemented experiments to
compare the score behavior of each methods. The ex-
periment contains 50 trials that we observed SCR, DI,
DP, and CI. For the methods with genetic algorithm, we
assigned the number of generations to 500 and the num-
ber of individuals to 100. The experimental results for
mean of four statistics and worst are showed in table.1
and table.2.

Table 1: Mean Value of Each Statistics
Method | SCR DI DP CI

LS1 1.9230 0.1468 1.1426 0.0074
LS2 1.9293 0.1229 1.0934 0.0409
GA 1.9348 0.0465 0.9495 0.2688
GA-+LS1 | 1.9502 0.0365 0.8654 0.0822
GA-+LS2 | 1.9538 0.0239 0.7834 0.0988

GA + LS2 method has highest accuracy in SCR, DI, and

Table 2: Worst Value of Each Statistics
DP CI

Method | SCR DI
LS1 1.7627 0.2549 1.5794 0.0277
LS2 1.8309 0.2258 1.5064 0.1290
GA 1.8814 0.0588 1.4054 0.4705
GA+LS1 | 1.9014 0.0530 1.2123 0.3558
GA+LS2 | 1.9253 0.0518 1.0540 0.4152

DP. The reason why CI value of LS1 method is highest
is considered as LS1 method cut edge in the case only
adjustment get loop. So, the total number of edge cut
by LS1 method is smaller than others.

6 Conclusion We proposed the score function for
orientations to causal paths and search methods for the
optimal orientation. And also, we implemented experi-
ment to observe the orientation accuracy of each search
method. The experimental result shows the GA+LS2
method has highest accuracy in five search methods.
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