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OO00GV,E, f,0)0000000VOO0OO0O0O0ODOOOO0O  EEOODOODOO
ododouooon f:FP=-VxvVlUiOuooouooooooeooogoo
O00000ODO000000D00 L, 000000000 L. O0DODOe¢e0OO
(,:V—-L00¢:F—-L 0000/« D000000000001 (000
O0000000V ={vy,ve,vs, v4,v5, 06} E = {ey, 9, €3, €4, €5, €6, €7, €8, €9} [1 [

O0EO000000O00VOO00O0 »0 v0 fle) = (v,v) 000000
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O00000D00000000 f(er) = (v1,v2)0 f(ez) = (v1,v2)0 feq) = (v1,v4)0
fler) = (vg,v) OO ODODOODOVODDODODODOOOOwOEOODOOODOO e, 00
O000¢0 0000000 4,(v)0 t(ep)DDODODO
OO0 GV, E, f,)000000000000O00DO «DO0b0O0obOooroobn

0oo

(1) V,CV and E, C E,

(2) Vep, € Ey, lse(en) = Le(ep) and v;, vj € Vy where fy(en) = (vi,v5),

(3) Yu; € Vi, lsy(v;) = Ly (v;).

0000000 G(V,,E,, f,,6,)000000001 (b)O000000 (2000
vs 000 eq,eq,er,e5, 00 00000000000000000000000

ool «gubougooroobbuoobunooobooobd

(4) Ve, € E, e, € E if v;,v; € Vs where f(en) = (v;, v5).

000000 G(V,,E,,f,4,)000000000001()000000 (a) O
000+ 0000000000000000000000w000000 €0
eo000000000b) 00000000 GO vy,vs,0,000000 ey, e6,e;00
000000000G,0G00000000000000000000G,CG
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Gy(Va, By, f5,£) 00V, 00V, (d=1,...,n)0000 ¢, 0000000000
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(1) vCyd(‘/d;EjtiaJEtiagti) € DaGs(‘é;Esafsags) g Gd(VdaEdafdagd)-

(2) Veg, € By, degn, € By (Vd =1, ,TL)

where fs(esh) = (Usia Usj)D fd(edh) = (Udia Udj)D Ve = gsd(vsi)lj Vgj = gsd(vsj)-

00 (1)00000G(V,, E,, f,,¢,)000000000MO000000000000
0000000000000000M0 10000 (b)0 ()0000 D ={(),(c)}
00000000000V, = {v,,vs,0,} 000000 B, = {es,e5) 00000
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000000000000000000b) 0 ()06, 000005,0p00000
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0000000000000000000000000G,0Dp0000000
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a Cb= P(b) — Pla)
OOobD0b0b0ob0ooboobobooobooLgogbodgbodaecbOaub=0
oo oobcpubbgooonoooobn
OD/0000000O0000C0000DObO00D00obObOOobOOoOotboboboOnO
Ooodooougooobgo
tite D, ICt
wpipy = L€ DI €D

OO000D0D0OO0D0000Oninsup0000000O sup(Z)>minsupd 000000

OO0000b00O00O00bO0boO0o0obO0o0obo0oOobDOOD [Agrwal and Srikant,

1994]0
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oo dodooodd Apriori D 0O O
0000000000 00DO0DO000000DO0000DO00DOO0ODO000O0
O000D0000000D00D000000000 20 AprioriD00000OO0O
ool FrO0000000000000O00O0O000C, 000000
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Ck41

0o
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code(Gy,) = {r1,171202271 3723733 17'1k e 35;9—11#;:1@}

(3.4) code(G,,.,) = code(G,,)U code(Gy,)

= {211%10%00 Tip Tk L kTR T g Th g g2k 41T )

00 code(G,,) D0 DO 0OOODOOOcode(Gy,) < code(Gy,) DO DO OOOOOOOO
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Ty Tkpk Ty Tkk
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OOD0ODNAODOODOODODOO (gene) 0000000 ODOODODODOO
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Dooboobodboboboboobdbdgene;, U0O0OODOOOOOOO
Jddddoodddd mRNAOOOOOO4Oooooooooooooo
Uo0Do0oodbb0DmRNAODDOOOOODDODOOOO

Jobobbbobbuoddoddoobbbbbbbddooooooobn
Dobuoob3sgoobobtdngobbbbooobbbooobbb.00n
DO000ddbgene; DOODOOOOOOOOODOOOOCy300000K0
00 G;0idbdCysdbuuind r;00b000odboodboodgboodnod
ri; =logy(R;;/G;;) DD DO O000Op00000000O0:,0000000000
O0p000000 ;= (xa,---,2) 00 000p0000000000000O

00000 {z,- ,2,) 000000

gooboggon

4.2 JU0O00o00oouoooooooooooood
OO00000OO0O0O00obOOoo00OooDooboO0oOobDoooOooooDobooDoO
0 gene, 0000000000000 genel, - ,gene$) 00O 0D0DO0DO
OO0OO0000o0ooooOboo0o0goobooDoobooOoOooooooDooooOod
OD0000D0000D0000O0DO (nonparametric additive regression model) O O 0
[Hastie and Tibshirani, 1990][Imoto et al., 2002a]]
ﬁij:mjl(pg))+"'+quj(pg])‘)+5ij

0000pY0i0000000000000000 gene; 0 k00000000

OD0000D00g; 0000000, 0000000000000000m4,(+)0
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OO0000DL0OD00000Db0ObOOob0bOO0DbOnd [Eilers and Marx, 1996]00 O
OO0000000000D0O0b00000b00bO0obO0ObODO (Bayesian network
and nonparametric regression model) D 0 0 000000

P

f(@i;0¢) = [ | fi(ziilpis: ©))

j=1
000 0f(@ilpy; ©) 0 py = pl, -+, p2 10000000000 mu(py)+-- -+
quj(pz(-g])_)DDDajDDDDDDDDDDDDDDDDDQGDDmjk,aijDDDD
ODooboooobooobobooobooboboobiod gene;000i=1,--+,n
0002;000 ,;,0000;00000
Doooobdbn0bO0b00O00O000ODODODOOOObOODbODbDOO
OOo0o0oooooboon

(@) [ T/ @a)(@s/3d00

DDDDDDDDDDDDDDEIDDDDDDDDDDDDDDDDDD7r(G')
OO00o0O0bo0oboooboooboooobooGcuboubDoonDdn(®ga)d
AU000000O0DOODOODe, 00000000 D0ODOOOr(G6A) OO
OoboboboooboooooooobobooD~(Gybobobobooooo
OoOoob0b0oo0obooobboooboboobobooboboooboooo
oohooboboooboooboobboobobooobooobooooo
Oooooooobooobddn«~(G)D0oboobooboobooboooo
Dooooboboboobobes0b0b0ObOobDOOObLObObObDO

OO0O0000000b000b000b00b0bO0oboOo0oboOo0onog BNRC(Bayesian

network and Nonparametric Regression Criterion) D 0 OO0 000000000000
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OO0D00D0OD0O0000000 [Imoto et al., 2002bj0 000000000 (MAP
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1) F}; = { Frequent itemsets of cardinality=1} ;

2) for(k = 1; F, # 0;k + +) do begin

3) Cyyq =apriori-gen(F}); //New candidates

4) forall transactions ¢t € Database do begin

5)  C} =subset(Ck41,t); //Candidates contained in ¢
6)  forall candidate ¢ € C} do

7) c.count++;

8) end

9) Fyy1 = { ¢ € Cxyq|e.count> minimum support }
10) end

11) Answer= J, Fy;

0O 2. AprieriDDDDOOO.
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This report introduces graph mining techniques actively explored in recent datamin-
ing study, and demonstrates its application to gene network analysis in conjunction
with statistical modeling. The study on the graph mining was initiated in the middle
of 1990’s, and became to be widely explored after 2000 upon the proposal of its com-
plete search algorithm. The graph mining is to find characteristic substructures shared
by some graphs in a given massive graph data. Especially, the exhaustive search of
frequent subgraphs widely seen in the data is a representative task of the graph min-
ing. As this task contains subgraph isomorphism problems which are known to be
NP-complete, its high computational complexity is essential. Accordingly, the devel-
opment of the practically fast algorithm of the graph mining is a key issue in the
study.

To mine characteristic substructures in the massive graph data, a property to charac-
terize the substructures is used. A naive way to search the characteristic substructures
is to check the property on every substructure in the data. However, this approach

faces the combinatorial explosion of the substructures in the check. For the efficient
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mining, most of the graph mining approaches limit the property to a “Downward
Closure Property (DCP).” A DCP P is defined as a C b = P(b) — P(a) by using
two structures a and b where P(-) means that the property P holds on a structure.
Representative DCPs are a frequent itemset and a frequent graph where any of their
subitemsets and subgraphs are also frequent. By this definition, if P does not hold on a
substructure a, P does not hold on any superstructure of a either. Accordingly, under
a set of all substructures having a size k£ and a DCP P, the candidate substructures
having the larger size k41 and the DCP P are limited to the join of the substructures
in the set. This strongly limits the search space of the characteristic substructures,
and enables the practically fast graph mining.

The graph mining technique was introduced to the post processing of the statistical
gene network models obtained from a microarray gene expression data. Bayesian net-
work and nonparametric regression models of the gene network were greedily searched
on the data. We are interested in the subnetworks widely appear over the greedily
searched networks, since the credibility of such subnetworks are considered to be very
high. Basket Analysis and a connected induced subgraph mining AcGM are applied
to mine frequent subnetworks over the greedily searched networks where each network
contains 801 genes. In the results of both Basket Analysis and AcGM, the frequent
subnetworks are limited to very small sizes comparing with the total size of the gene
networks. This indicates that the wide varieties of the interpretations on a gene net-
work structure are obtained from the microarray gene expression data.

In this report, the graph mining was applied to the post processing stage of the
statistical modeling to extract the credible gene subnetworks. The other possibilities
such as direct introduction of the graph mining to the search process of the statistical

model structures should be explored in future work.

Key words: Graph Mining, Data Mining, Statistical Modeling, Bayesian Network, Gene Network.



