Discovery of Frequent Traversal Patterns from Weighted Traversals
and Performance Enhancement by Traversal Split
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ABSTRACT

Many real world problems can be modeled as a graph and traversals on the graph. The structure of Web pages can be represented as a
graph, for example, and user’s navigation paths on the Web pages can be model as a traversal on the graph. It is interesting to discover
valuable patterns, such as frequent patterns, from such traversals. In this paper, we propose an algorithm to discover frequent traversal patterns
when a directed graph and weighted traversals on the graph are given. Furthermore, we propose a performance enhancement by traversal split,
and then verify it through experiments.
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ID Traversal Weight

1 <A BC> <2.22.0>

2 <BDECA> <3.043353.1>

3 <CABD> <2.92.04.0>

4 <DCA> <4.03.0>

5 <BCA4A> <2.229>

6 <4BEC> <2.13432>
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10 <CABD> <25224.1>
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Fig. 1. An exammple of base graph and traversal database
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Algorithm IMTP()

input: weighted base graph G., traversal database 7,
minimum support minSup, confidence level confLev
output: frequent patterns Ly

begin
C) < set of all vertices
k=1

// while candidates exist
while ((CJ > 0) {
// count supports for candidate patterns
for each traversal t € T {
P={p|p € G, p is sub-traversal of ¢}
VpEP p.count++
}

// prune candidate patterns w.r.t confidence interval
if (k > 2) G « pruneCandidates(Ci, G, confLev)

// obtain frequent patterns
Le=1{p|p € G, pcount = minSup}

// generate candidate patterns for next step
Cint < genCandidates(Li, Gi)

e+t

!

end

032 3 gy 3afe Ehk} 22| F(MTP)
Fig. 3. Algorithm for discovering frequent traversal
patterns (IMTP)
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A%A £H20E W SN PA L AL TS FEYSHY

C L
Candidate Pruned Frequent | Pruned
Pattern Support Pattern | Support
<A> 8 <A> 8
<B> 9 <B> 9
<C> 10 <C> 10
<D> 6 <D> 6
<B> 4 <B> 4
G, L
Candidate { Initial | Pruned (| Frequent | Pruned
Pattern | Support | Support Pattern | Support
<AB> 5 4 <AB> 4
<AC 0 0 <BC 2
<BC> 2 2 <BD> 4
<BD> 5 4 <BE> 2
<BE> 2 2 <CA> 4
<CA> 5 4 <DC> 2
<DC> 2 2 <DE> 2
<DE> 2 2 <EC> 4
<EC> 4 4
C; L
Candidate | Initial | Pruned || Frequent | Pruned
Pattern | Support | Support Pattern | Support
<ABC> 1 1 <ABD> 2
<ABD> 3 2 <BEC> 2
<ABE> 1 1 <DEC> 2
<BCA> 1 1
<BDC> 1 1
<BDE> 2 1
<BEC> 2 2
<CAB> 2 1
<DCA> 1 1
<DEC> 2 2
<ECA> 1 1
a7 4 "l =3E ghAL oA

Fig. 4. An example of discovering frequent traversal
patterns

% 39 e
Cr& a3z e
3] Hloeluol2E
el o AA g F3et ¢
Tt A AR 2 01
Lol AT Lo £
Ql3ted ol 7} 29 2
o}, ol v} 7] 3 Tef ] A
sgiek. 2ol7h 29 T 3]s
71 13 Al 3] dlo]Ef o]
AEE A TS A48t PotA dot. o & a\_,‘;‘
B &3 8 <AB>2 2t 3 s gerng =

7] A A =50tk 23} 23 #7 (<ABDEC>, <14

N
n
T,
lo &
WS
=
2
ke
My
fotr
)

T
rot
)
o

&=
[+
o
a2
O
2
R

ol g

t

N
i
A o

B 4o

)
O

Fly

g &

|o
[H=A

o g

A

n
ig:
fol g > ey o

é‘::l'.rE
o

o 1
Y

Q
oX

[o
o

jul
fy R sk

o i
= uﬂ D e e

&
)

NG

)
o
'~

l>'£
il @ g

ﬂ“ il

rx
rlo
2 opo N N o )y

2
—Hioi

Lo ey
>
2
U o in
A
Q‘LA

_P;:
&
O

O
B

o

234.432>)¢] 7+4 <A B>9] 717} L4RA AT
7F1.41~2599] 9o Ex3LE R, o] & A 9] 5t A A
AAEE47t it ool G E S A EAA AL E
9 AAE7} H 4 AA & o) dold vt #3]HH L,
o ZFAIZT G A LE YA AL E + Uk
o & EW,<AB>9} <BC>9 ZA & T8 <ABC>F T

g 4 gl o] dF 2o GueFL LA Ay HY,
Bol7b4d G U o) AEE gl BR g E
L Zadn

EAF

[>=}

ol

V.

et 45

fijo

3|l2g

Hy
0

47e) IMTP $08)Z & F2 23598 ) QA=
£ Fabe v ARG A8 T2 HAsk e weba
A2 HEH Hgoz oAs| Al e

= A Ao] @A Fit) o] 2 M 5H7] Y5t B Ao
A)= PMTP(Pre-Mining Traversal Patterns) & 1. 2] &2 )
gt} o] dnFFE HA T DA NA o|2E XF
—\’E:‘il 27 o] 3o HET 3 E ot ALt
= o tﬂlﬂ O] q’

(32 6] ol 3] (5, w) = (v, V2 vy V>, <W, W, sy
wai>)ol] A 7 7HE H o ubE 7HA <vy v o] E§E o]
AoH, o] &3 = 279 FEEI] ¢, W) = (v, », ..,y
ViZ, SWI, W2y e Wit>)E (6 W)'7 = (SVi1, Vis, <o
Wisd, o Wat?) 2 T T O] HA 28 E 39 TS
H e 8] bo]Ef B o] X(splitted traversal database)}
Fla= o

¥ 5 29 1(b)Y 3 dolgHo]2E 1] 29]
%A 7 2 Le) 2 pA ) AT AN F
39 62 e 2 2 B 22 o]t 29
1(b)9] <=3] #2 (t, w) = (KBD E C A>,<3.04.33.53.1>)9]
A 78 <BD>9] 7S N F7H3.02 - 4589 WOl W
ojunz 2o B-Ew3] <B>SH<DECA>Z £¢HY

Vi, <Wis1,

l:l

945



A FAETAET | =8A ALLE A5

D Tra ersal Weight
1 | <ABC.- <222.0>
2" | <B> <0.0>
2" | <DEC 4> <43353.1>
3 1 <CABD> <2.92.04.0>
4 | <DCA> <4.03.0>
5 | <BCA4> <2229>
6 | <ABEC> <2.13432>
7' | <4> <0.0>
7" | <BDEC> <39443.2>
8 | <BEC> <2334>
9 | <BDC> <3.83.1>
10" | <C> <0.0>
10" | <4 BD> <224.1>

a8 5 28 =3 oleHolA of |
Fig. 5. An example of splitted traversal database
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¥ dHo| B2 & F 7t el A A2 F7He A

Algorithm PMTP()

input: weighted base graph G, traversal database T,
minimum support minSup, confidence level confLev
output: frequent patterns L

begin
// split traversals into sub-traversals
T = SplitTraversals(Gy., T, confLev)

C; < set of all vertices
k=1

// while candidates exist
while (G > 0) { -
// count supports for candidate patterns
for each traversal ¢’ € T {
P={p|p € G, pis sub-traversal of 1%}
VpEP p.count++

// obtain frequent patterns
Li={plp € G, pcount > minSup}

// generate candidate patterns for next step
Cient < genCandidates(Ly, Gu)
k++

)

end

a3 6. JME v Fslafe &AL 2T2[E(PMTP)
Fig. 6. Enhanced algorithm for discovering frequent
traversal patterns (PMTP)
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