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ABSTRACT : Graph is the most generalized methodology to represent the data in the real world It consists of the vertexes and edges,
and according to importance or operating godls, various weights amn be granted on vertices and edges organizing the graph Especially,
discovering the important data mining patterns from the transactions traversing graphs is very interesting. In this paper, we present a
methodology discovering the most frequent paths from the directed graph with weights on vertices and edges. By pruning the noise paths
that can occur on the process discovering the most frequent path, more reliable methodology to discover mining patterns is presented Also,
the pattern priority of the most frequent paths as a result of this work is determined in consideration of the weight of result. The methodology
in this paper can be applied for various applications based on graph, such as web log mining.

KEY WORDS : Data Mining. Weighted Graph, Traversal Patterns, Pattern Priority

1. M = 1eE, SAHo R dojguol2oA AU

MeE dngE Fo) Atk ol FuFELS I dl
A2 U HololA] dloE vlold(data mining)el @  °IE TEY diolgjulo] 2o A AHEH™, HIoE
A77} gura] o]Zojx|: Uck wlolE] ulo]de whakel A (graph) 7Iwe) dlo]gl wlolyd A7zt &3] A Ak
A dolHZRE ojde] @ YeAA WA, BA|Helm,  LAZE AREIHE HolH FEYUE A "oz dAAE
AAHOD 488 ANE 2Eae Agoletn AT 4 9  HATE BE dolE 2 FoM b el A8 A=
1], 712Hel dlolg mlo]d atmeEe 71Ee) sA sy U ahdlolt), B3], WEQAY =29 HA Sl
o] Ze A iRl doled $§ 7tsaEE wEsol o] AMgatn gk Hole a#d=e diold rmlojde
e Aev wonl of vl BAS Egiz Apg| ¢ HAIZ ol gl dysn slen, 53 dEHd Aol

* omega@hhu.ac kr 051)410-4835
** hepark@hhu.ac kr 051)410-4573

- 119 -



TREE uAE 75 2PZAM 9 dlolE ulo]y

iy

¢} vleld(web mining)°]t}.

¢ vhold& ¢ T2 vlo]d(web structure mining), ¥ &
alo]d(web contents mining), ¥ 21 vlo]d(web log
mining) 22 FFEh 53], ¥ 2 wlo]de g9 pzEe
AANZE FPstn, Y sHolxe] HE 712 ¢ 238
ZE 38t EWYA(transaction) 2.2 7HE3e], 7b wint
g o)A HZ ZAZ(web page access path)E ZH:= Zxjo)
ok @by ol2)d FAE aWTA BAY 5 Qe g
=3 EANANA Ho) WL Z(most frequent path)E =
BAZ 2835 28 5 ATH2IBE]

AT 71E AT E ] HolAE 7] YA(link) S W
aP=2 SR, 1 2P BPAd(direction) T+ 15}
o Al NEF2E Fx JAoH1)2] ol e wise =
9 AH(vertex)ol} 7Hi(edge)dl HAE $ Y 7EXR
(weight) AR E ©AF BHoly} Ao widdlz] P} wa}
A 2 =RAAE JIEX7L RoE Zw gzt Foixm,
olFi® IHWZE &Il EIAMOIRE vlo|y YL
A S ARtk 53, 71w a2z kM 1EA
€ °] 83l A A Fol BAY F YE EWRNMYY wo)
Z(noise)& WEHRZAA A9sts WP Az o)
AFEo] He Hu Az = ug 3w
(frequently traversal pattern)& ) o) Fo]zl HHolr} 7+
Ao 7HEXE nejdle FREES 2P £ Q= v H
APt o] W 7Yt THZT o HHoly M RAHE A
Ae TRE §4 Polo ma} g Fejz FolA £ g
o & B9, § 23 nlolye] 9 BXo Fmge Ay
o 742X Z, Z+ BAE 29 olF AR A9 sExE
o8 4 gl

2 =89 AL g2 2o 2FdAE 3E A7 s
M BERT, 3 B =RlA Adsts 7pEx] )=o)
Aol mlolyd el ©A} gmelFe) did AR} 4%l
ALY dneEe TSl APF F AE 2 o}
Aoz 5P o] =89 AMH HAEN FF A7
Aol st} Aoy,

rire

T3

2 2 AdAp

e

dle]E] wlo]gd& 1F | 5(artificial intelligence)?] & F-of2l

71Al 8<¢(machine learning)o]ut ®jo]Ejwlo] A2 RE] 9] |4
B (knowledge discovery in database)?} o] iR d)o]
B o $A4 e 2F FEY HES 2384 o 2
A3, AF, B Foll &3z s sigolth Holg vlo)
B H5EF 4+ A= AYozE dAB 3 (association
rules), <A ¥ (sequential patterns), % T3 (classifi-
cation rules), YWt/ 2 2 (generalization/summarization
rules), 2 2E 3 (clustering) 5 oI 7}x17} L3l

71E9] dolE mloldw @HE AFE aYzE sFom
TRetE EFAAT Fo40 F9o ERNYAT sk g
7 FolF B2 s F Utk A AA, AMgxle] EdAA
o7 A%E d# 7 A £a HY @A 5o ¢
T Aok A@ 73 GAlE dojE o] 2 EA st =
o A=t AEG Fohle wHozA “We Fojae
Aol 40%= HE A Fujsich s} o] EdMM gl
FET A FohlE ot o FHL H=
duelEF FoM A AHEE Qe daEe
Apriori €32]Fo|tH4). o] Y:AEFL F dAZ FHUG
4, & ofelge) MIES£E AAEtY HA 22| E(minimum
support) °|4& VEI= FES AP wiY FE= A
(large item sets)& Feoh 1 o, Wi JE oz RE
H4 A =(minimum confidence) °]4E THEFE RS
T ojf) Fopd FES Fw FE(candidate items)o)e}
i st A3t dde] X3 shsAol B Fioldth o9
A FH WAl AgHE ¢ugEoz: DHP(Direct
Hashing and Pruning) ¢32]&[4), Partitioning ¢332 Z[5]
Tl 3tk &3 HEe d# FHA ADHA AEE EYS
Aok

T HAE 71 adZsl Foixlam, sk aEjxe) kNS
T2b &35t EdAdo2RE A WHRE gAbEle
Aotk ol &ak AYF FAEA R, 7HH S mElA e o)
EAFTE Hol tan. g 59, ¢ vloldolN ¢o 7=
= 7% ad=2 ¢ 23E A (pre-processing) HH S
AR F EdgRoz FEF 5 AcH2)3)

o

(e Kot g 2

ol

3. 7kEA =0l Mol =3[ ujE A}

a9 18 2 =24dA Altse dag
T4 Eeth

lN

g FEH A 29

@n @ Ry
l Jiw l,m~

!
— REErTEY
(nsx) Eanu

=

wm

r
A

...............................................................

Fig. 1 The structure of system
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Fig. 2 An example of base graph
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input base graph G, transaction T, minSup, Conflnv
output large traversal patterns, patterns priority

begin
Ci < the set of all paths of length 1
k=1
while (Gl > D

in
for all subpath p € T
begin
S = {sls € Ci, s is subpath of p}
Vs € S scount++
end

// prune noise paths w.r.t Conflnv
if (k >= 2) Cx « pruneCandidates(Cy, G)

// generate large paths
L« = {sls € Cx s.count > minSup}

// generate candidate path for next step
Ci+1 «— genCandidates(Li, G)
k++

end

// compute patterns priority for the large patterns
computePP(L);
end

Fig. 3 The algorithm for large traversal patterns
discovering
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Transaction Database G L

ID Path Weight candidate Support Large Support

1 <A B & <22 20> <A> 8 <A> 8

2 <B DEC A> <3.1 44 35 33> <B> 9 <B> 9

3 <C AB D> <27 1.5 23> < 10 < 10

4 | <D C A> <40 3.0> <D> 6 <D> 6

5 <B C A> <22 2.9> <B> 5 <E> 5

6 <A BEC <21 34 32>

7 |<ABDEC <1323 44 32>

8 <B E C <23 34>

9 <B D C <27 3.1>

10| <DCABE <38 282219

Cz L G L;

candidate | Support Large Support candidate | Support Large Support | Pattem Priority | Rank
<A B> 4 <A B> 4 <A B C 1 <B E C 2 5.30 2
<A C 0 <B C 2 <A B D> 1 <C A B> 2 4.97 3
<B & 2 <B D> 3 <A B B> 1 <DEC 2 574 1
<B D> 3 <B B> 2 <B C A> 1
<B B> 2 <C A> 4 <B D C> 1
<C A> 4 <D C 2 <B D B> 1
<D C 2 <D B> 2 <BE (& 2
<D B> 2 <E & 4 <C A B> 2
<E C> 4 <D C A> 1

<D E & 2
<E C A> 0

Fig. 4 An example of large traversal patterns discovering on weighted graph (minimum support : 2)
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