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WebPR : A Dynamic Web Page Recommendation Algorithm Based on
Mining Frequent Traversal Patterns

Sun-Hee Yoon'!- Samkeun Kim' - Changhoon Lee'!

ABSTRACT

The World-Wide Web is the largest distributed information space and has grown to encompass diverse information resources. However,
although Web is growing exponentially, the individual's capacity to read and digest contents is essentially fixed. From the view point of Web
users, they can be confused by explosion of Web information, by constantly changing Web environments, and by lack of understanding needs
of Web users. In these Web environments, mining traversal patterns is an important problem in Web mining with a host of application domains
including system design and information services. Conventional traversal pattern mining systems use the (nfer-pages association in sessions
with only a very restricted mechanism (based on vector or matrix) for generating frequent k-Pagesets. We develop a family of novel algorithms
(termed WebPR - Web Page Recommend) for mining frequent traversal patterns and then pageset to recommend. Qur algorithms provide Web
users with new page views, which include pagesets to recommend, so that users can effectively traverse its Web site. The main distinguishing
factors are both a point consistently spanning schemes applying inter-pages association for mining frequent traversal pattems and a point
proposing the most efficient tree model. Our experimentation with two real data sets, including LadyAsiana and KBS media server site, clearly

validates that our method outperforms conventional methods.
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B B 4 #FA AEAY FoHds TFee
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A sEAYE], AR Z2AE AdaAY (6], AR
ElFo]x H2H, B BA3E A% #A 5& £ & Utk
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EA@). oleld Y21 FEEL HTTP Z2EZY F9
of & AMEAZE HAHoR QA AkFAE B3t
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WebPR(V)= @3lald ©AMSE +3-& 98 Yan F[8]¢
WERdS et #3% Aojrh WebPR(V)E FE A

s9 BRE Fo|{Ed o yld AFE AT oA
AR A solAE7te ABYS HAs aHsA Fe
oz uk [-4A(F, & FolA)Ed S A
WebPR(V)= 8l [-FojAR% Fi9) e A7) 9
s AA dolelujo]2e RE MAES F2EHHYse #
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detzch £ FAHAANM FH HAHAY RS F A
Fo2RE FH HolA AF ATFEANA et B4
1=

Mo =
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WebPR(V)ell = K-means ¢x8]E[0)8 ol&sle &
HAHFE S SR A AL nA A DA F 5o
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HAHY dugEe o] FUE FrAE (similarity measure)
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=

WebPR(V)ol A= AHE-2F Al s € D7} Fol AW &3
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o|7¢] & ofRrts Yehli= ]Z](binary) Hojth, Web-
PR(V)ME AXEY E82HAL A8 FAL=(similar-
ity measure) Vector Angl (VA)$} Euclidean Distance(ED)
g Ag@t VAE F B4 9E Atol9 ZrEAE(angular
distance)& A}-8-3}4 11"\} AE Asteg
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VA(x,y)=cos =
!XIIyl N
;x? Zy?

A7 g=Cx, y>olL VA[0,1)(x,,y;20)°ltk. VAE
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H x9% yE o O R & ¢ gidh EDE 54 HHE
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TF HiEEs HHEL FABHA gtk EDE ded] F
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o171 ED e[0,]olth. ED9Y #o] #&FE F HE x
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o dEe /g WP FHE TEY & Ao
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WebPR(V)E YA 714 FALE VAS EDE ©] 43}
of FE2EHYE TP FAEHPY BH L FAG &
IS Hol A4 Fe2HE 2AsE Aotk Web-
PRV)IME & 47 K-means &g F[0]& 343
K-meanse #$o] ¥2$](random)E E&2E 9] F4(cen-
ter)S Mg F Add FAHR] AYE FTs oA
FHaHe FAE FAVIE Bz Ze2HY 3

e dagFojt.

tio
+

3.3.2 W1 Fo| APt HAL
WebPR(V)E K-means €aizlZo] 23] A" Z} 2
2~H9 F4 WEE of&ste Z A4 Fo] HA AAE
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ole} ol AAH 4 WESo W [-MelALF Cv
(%, F)e] Brh ojze AAelA Aoy Ane
A8 neaA gt

3.3.3 4 Hox A% AA

(18 3-1)2 WebPR(V)S] 4 FolAHF A <
& HAETh WebPR(V) 34 w0l AL
rgsitt. A HA dAE M2E AR Fhe nei(cate-
gory)& 47| 93 33284 AAT T4 HEAPY cv
o} AElE A g o] FALE ANE Tk 7 fA
& Hg 1-Ho) AP cv' g AASE AoltKStep 1. Y
& cv'e 7 #HolA poll i 7ASAE FHA A A
dE| B AR sl g FA H)ARE RE AT THStep
3-7. d714 FH solAFE A7I7t Wi F F dUth
ezt WebPR(V)AIME o] FHEE #HolxA g
arlel oz} A ATE Evh wAH RS X9 27
£o8 APANG(Step 8). thg2 AREALl o8 wE A
A FH A AFY Z7] A Wt &9 N,
9] #ojAEo] FHETHStep 9).

Procedure VectorRecommendation( CV, CV', s, N,)

/v gz T4 g9 JF, cvog HelxP g
s - HElE AA

// Ny 2 FRDANAM Y 24w 0]x] Mg AtdzA

1. determine cluster by computing match(s, CV')

22 R:=0

3. for each page in the frequent I-pageset CV’'(c) do {

4 Rec(s,p) - = weight(p, CV'(c))

5. p.rec_score i = Rec(s, p)

6 R:= RU{p}

7.}

8 R := sort{R)

9, select top N,, pages from R’

end

(32 3-1) WebPR(V)Oll olgt FH wlo|xiFF U

9, (2™ 3-19 match(s, CV )L 331H0M 71&3
FAFE(VA, ED)ol|l 7]9kste] At oz fAEE VA
9} EDT AR Zole ANES Hlaste Afde
Hed ¢ A, dEE QAo 7E R & FY2H
o AA HHE 3= FeoH ZES buss 73
o #o g 7Hoverestimation) 2 4 Utk wEkA
e oldyd FAdiHst FAZ #sA" 5 gl At
PED(Projected ED)[11]18 A -&3ltt. PEDE EDolA9 7
g7t BAE sdsy] Y3 WEE fALE 5F ol
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th o2 S0, F HE s9} & 474 AL e Fex
Y HE g &# 2 AEHE 29 TAYLE A o
B 59} 9] HRFAMIE Atstr] fste] WE st F(zero)
o] obd TAHYL2E e HEHE A9 co AHHpro-
jection)g ©]-&-3t} .

PED(s,c)=\ '=1i*0(8i — ) (4)

7|4 PED € [0,0)°]2, WEAHL AYHA Ferh
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e FoR At MY dRute] o] & Jhed AHA
T 228 &8 A Uk

o

34 WebPRM} &122|&

WebPR(M)-2 ¥l9F #lo] A 33hs AAd37] s Al w
olefwo] A2 RE Wl 2-Holx] YL WA oA
A QAT slo|A BT ABPE mefd Aotd5 9]
WebPRIM)IE F, J5HE B4 98] A4 diojefulo] 29
ZE AXAES 24 FeaHEz 9% 3¥(adjacency ma-
trix) & AT olld A FHE o] &sd AYE 4
Aol dA Holxeh d@ge] & HolAAFE BHEY
T vk Z, WebPR(V)olAl A4 CcVvE ol&steq dA
dElH M9 FAEE 2 o dEH AH diA
Fo] x|} Aol ¥2(F, Hit HIEFr} &) FHolA
E9 #Age AA4sh WebPRIM)Y FAEE i A7
Elsmpol whel bk g FARHNAM FH FHojA 3
g RE FRAJORATH FH HolA 5 AFEA(N,)
of wet AAETt

3.4.1 E812H¥
WebPRIM)A A o] S8 2E - 3318¢ WebPR(V)9
e 2HY e a2 83T

3.4.2 Wl Ho| X5 ¥4}

WebPR(M)& ®A A4 dojedlo] 2o Ao RE A4
o Wty ZFEAHHER AH FH(adjacency matrix)
AM(F, Wi 2-H o] AR’ Fp)& AT o714 E34
HEZ AME BAY F AE A& 33189 E82EHFYY
Anz d& 7 AAe] W& duster_idE AAQ do|EHo|
2o AFs U7l W&otk WebPRM)elAE ol &
cluster_idg& ©]&3te] Ze{2H¥EE AH dE AMe A
gk & Eol, 9 AlolE9 HolNFY {1,2,--,mol F
oA, oH AA AME nxn FEE HJTTh o71A
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AM(,jye AAA HolA i2RE ;& Jbe ¥art &4
st 19 ghs Fobeta, 2%A god FAgT oy &
Aol A slejx] i2RE ;2 Jhe FA0) 23] ol BA
Hx 19 g FrhEh of o] FH2EHERE RE A
AEd disl AMG, HE AT, olA] Z+ EelxEdE
AM(, B AT Z2HY A7 Ugd ggAN RE
AM(i, j) = [0, 11°] Eh #xHeld RE F2EY
AMG, ol AEt Hh AAE(sm) ©13HY g HXE
FAEEL 09 #og T} ol Ay FHL A9
A-E F dHojx o] ARG T WY 2-wo|xH]
g FRE ousith oA AT Heolx e dBA S
A3 32stx %2 WebPR(V)olM Brh & A 34
wyog & Ao

3.4.3 4 dFAo|AJF A

(28 3-2)& WebPRIM)®] F3 #o|AHYF A4 <z
ZEE 2AF WebPRM)S 3 oA 84S ¢
g A WA dAle N2E AR JhE 22l (category) S
271 A8 34280l AAT FEiHE QFBE AM
(F, A 2-Ho XYY F)H JE|B 44 HE oo {4}
E AYS B3 Y fARE ubd 2-Ho) Y AM(c)
(F, F(e))& ZAse Aojth(Step 1). &S AM(c)E
2e] Jde)B A so A HolAd WEHE W L F
Z8TH(Step 2). o8 F VHE r= (1,0, 7,09 Z Ho]
Agol Fu FA dHolAHYo| ) F, AM(c)9 YW
79l Zk wolRo dig JtFAE hxigA A dE|E A
A sol d@ FH Ho|ANPY RE A4 THStep 4-8). A
714 FA HolA»E 277t Wl E & Atk gEA
WebPRIM)Ol A& opzikx 2 ghdle] FH=e sox) g

Procedure MatrixRecommendation( CV, AM, s, N,,)

/v BHaE $4 AHPE AN AH B, 5 AHR AR
// Ny 2 7t FHGANA ] FRAH X Mg Agzd

1. determine cluster AM(c) by computing match(s,CV) ;

2. AM(c)ZRE 9 @A sojA] g&HE 3§ » FF,

3 R:=0,

4. for each page p of selected row vector » of AM(c) do {
5. Rec(s,p) - = weight(p, ),

6. p.rec_score: = Rec(s,p);
7 R:= RU({(p};

81}

9. R :=sort(R)

10. select top N,, pages from R’

end

(22 3-2) WebPR(M)Oll 2f8H =3 mO|XIT & MY

2zl g8 A A £o AA RS 7MEA =
7} £oE AENZITHStep 9). G52 ARS8 T2
AaA FH HARAEG 27] AFxAe) wEkA FH N,
w9 HolAEe] FHAKStep 10).

A% RS WA A A4

o AIAE Aold] EAste ZE AuAL ol et ¥

R Zolth WebPR(T)E WA A4 dloleso] 2z

HaEds MRENE AT F, W2 e-HolAPY

Fd) Aol old@ EdE2 ®RUY. U9 EgiSe) 4

4A ojd# EIEL olgstel N0 W 24 dolx)
A% RE AT = Ak

3.5.1 ¥l FojAHF G}

(D 28 AA

(19 3-3)& WebPR(T) Eg] X 2ugdZFE HY
t}. WebPR(T)E M4 dojgHoj22XEH AHES
A st wl E(main tree)s} 1o M HE& (sub-
tree)E AT A71M EFY 4 =2 AAY Hojx
£ 293 Aoz W34 solx AE, URL, 25 date)
dcEg AP

WebPR(T)I M= vwIEZS NEHERE FAd A4
o A A dAE M7 FERIEE) 229 ST A
FE) ==& AN Aot Step 1). F WA dAlA
A HolHmol 2o 7+ AAL AAIA AL s H

A Hox(Adx Ho)A)E AAPHStep 3). ThEe s
o Y2EE [p| PIZ EEF=H, 971 p 3 A dx

A pe veA 942EE 9U|3ch(Step 4). WIRJIER MT

A7) g oA 2 @A 2 insert_tree( [p | P, MT)E
3238 (Step 5), s BE FHo|XE HIEZF fregst §A
MT FH3) insert_tree([p | PLMTIE s9 2t #o]7]
& EdE mdsTE AAH(recursive) FroltH(d
3-6)9) 3g).
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Procedure TreeGeneration ( D)

//D: AR dolgiHo]x, BE A9 R WA HojA]E index HolA]

// MT : WebPR(T)9] WQ1E®], ST : WebPR(T)9] N EBEZ],

1. create the root(index) node of a MTand the dummy(root)
node of aST ;

2. for each sessions in D do {

remove the first(index) page in

let the list in s be [p | P],
where p is the first element and P is the remaining list.

> W

5. call insert_tree([p | P), MT) // WIRE= 44



repeat { // EE=] A
for each subsession s’ in s do {
remove the first page in s’
let the list in s" be [p| P,
where p° is the first element in s’
10. call insert_tree([p | P], ST)

11. }

12. } until (P is empty)
13.}

end

Function insert_tree ({p | P]l, T)
. if ( T has a child N such that L .. prame= p.pname) then {
increment Ns freq by 1
.} else {

1
2
3
4. create a new node N and let its freg be 1
5}

6. if ( Pis nonempty) then {call insert_tree( P, N) }

end

(28 3-3) WebPR(T) E2| ¥d 2i2|F

¥, MBHEF STE A AT A HA DAz A
BAA 59 A HA HojAE AASHStep 9). thE
5’9 iilﬁ & [p' | PIZ 2F3ted, 94714 p'2 A WA
¢ = UmA JAEE 90| 3th(Step 9). AHEEF
371 91 v AR insert_tree([p | P,
3tod(Step 10), s'9) EE dHolxXE HIgIS
freg$} 3:}7/41 7ol X olgf & HAAHE P=oo] ¥
7} BT (Step 12).

w»
-]
it
m{w o_>.:

2 Ef FA%

(oY 349% Y 4 de& M) 1 Web-
PR(T) Ez] §A#] 41ngdds BdFrh. WebPR(T)E
WRlEZ e MEEZE F718 02 #A#(maintenance)&
PGz FH e MAANE & ok A48
FAHORE(d g g MEA FET AH FHE o f
3t} E2E AFAHE ¢ Atk oA AEAEY HA A

Procedure TreeMaintenance ( MT, ST, D’)

// MT . WebPR(T)9] HAEE], ST: WebPR(T)Y A HEH,
//D AZE Al dlolEjHo] &

1L/ A2E delAAE 371

2. call TreeGeneration using D’

3. // F1 7}A A 7](candidate pruning)

4, for each node « in Tree do

5. H Sein * B AAE, ¢ Ha 71 A

6 if (a.freq< spmi. and (curr_date— a.data) < ©) then
7 remove that node from 7Tree

8

9.

}

end J

(O¥ 3-4) E2| #X|HE| RE

i
it o
o
olo
o
£
£,

EL
N
o
=
e
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R
tijo
do
%

L o

=258 7}A A 7|(candidate prumng) 3t Zojt E
ARA7) FAANNE =9 FZ 35 2= JARE
Ha, =z AAE X7 JARLE AAE /g =
H3 A O ==2F AASE Folth

3.5.2 33 o)A E 44

WebPR(D)E %4 slol4e RS A4st7] A A4
o Ho|AE Abolo] EAsH: BE ABYE ol g =,
WebPR(T) vSlEd] MT9} ABEZ S ] EdE Hiw ¥

Ol A Fy, -, Fi} & o83t RS AT WebPR(A)
7b Wl Soj ARG F (1 22) (1. HEB A4 4 4
o)eH& ojg3ta RS AAEHE WHHA, WebPR(DA &=
{Fy,,F,) B5E& ol&std rS AT o3& A4
oAzt AAA L HUg o] &ste Wl & 4 9l
ot ol £, A AEH A9 Hejrt 3olga 3
(1,=3), {Fy, F5, F3}& 1§39 RE A8

Procedure TreeRecommendation{ MT, ST,S,, N,
// MT : WebPR(T) ®IQIE#], ST : WebPR(T) A HEz]
/se: QEIE HA N, 7 FHGANM Y FHu oA MF A
x4
1LR:=
2. for each active session s, do {
3. if (s,={index}) then {
R: = R\U{ children of foot node in MT}
break
}
/I MT A 3
remove the first(index) page in s,
let the list in s, be [Plp],
where p is the last element and P is the remaining list.
10. if(MT has a L path such that L. prame=p - pname) then {

11, R: = RU{children of p)
12}
13, if (|s,1<2) then { break }

14. repeat { // STINA 3

© 0 N DO

15. for each subsession s,z in s, do {
16. remove the first page in s;
let the list in s, be [Plp] ,
17. where P’ is the remaining list(the first page removed).
18. call recommend( [ P|p], ST)
19. }
20. } until (P’ is empty)
2L}
22. R = sort(R)

23. select top N,, pages from R’

end
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Function recommend ( [P|p], T)

1. if (T has a path L such that L. prame= p+ pname) then {
2.: R : = R\U{children of p)

3}

end

(328 3-5) WebPR(T)el &=H HlO[XEHE MY L

(L9 3-5& WebPR(T)9] #3 #H AR Y4 dag
F& HATH RS ANV A% A WA DA dEE
AR 5,7 index FOIA | AAERTL 4 Alo]Ee] Fo A
23 ), 9 oot =T AA =TES R TEATZ
FxZ WA (Step 3-6). T JEE AA] § ©A
o AYPFAMT DA MTAA FH HAAE RS A
ot A4 AElB A4 s ZRE A sle[R Q] dE2 Hof
A& AAS}L(Step 8), 5,8 BLEEE [P|p]E2 FEHT
(Step 9). 4714 pE wAT AAE st pe UmA
Y2EE ou|sith DY MTI} Ly prame=p.prames W
Z3c FE LS 7HOE pd] AYxEES FH #HolA
Agtol LA Step 10-12). =3 A AgB HHo]
gz FHojAE AU A HA oA & W FHLE
HAE ATt o]Fo{A7] Wi MEBEHE 4T I
27F gioK(Step 13). A
2L STAAN FH3E BAR 5,9 HEAA 5,9 o8

A A HolAE AAT 5,9 H2EE [P ]2 TET
tHStep 16-17). 9714 P& A At nfAT d4E A
gt Uz g2EE 9ngtt}, oA recommend( [P’ | p],
STE ZEIJ(2Y 3-1009) 3} (Step 18). recom-
mend( [P p), T)E STAHAT o] &= Aoz s 7} X3
ste ZE ABAAY fE AEEZZRE FH oA
e ARE o ol &He AAA Frolvh oHE ARE
P=go] B ®7A A&t

23 FA9 vt GARE M7 STAAN F5F F3H
Aol AG R freg®) 27 €02 AHAZITHStep 22).
1 R - I R T B B e R i | Pl e = g
Agzd g A9 N,BEe HojHES HFHLE
F3 8K (Step 23).

4. 48 % "ol

41 AE W

WebPR ¢12E59 Hrte g3 e HEd 7y
sl 937}3}5] : Impact, Benefit. Impacts drhy &
AHE27E delg AE F31E ol E ol S3FUE HIt
3111, Benefit2 §§ AO|EE WEG AlEALEC] grivt &
2 =¥g ddvis st B =8dAME 4 Al

E9 § A 21 HolHE Fi9 1FOE o] 4y
& A% FA dolHe HAE uolE. Agd AL43]
= HAEE YoM AF38 Impact/Benefits 7|2H o8 A}
43t} 3304 71£% WebPR ¢ ZES AA 4 4
olelo] Hg3te] FH HAFIFTE A4 F H2E Ho
E|E o] 83l9 Impact/Benefits vldo = o7t

£ =R A 2udEg v A ¢ndEFH
o vl ZE Y& impact®} benefit =& o] &3} zt &
H2ed sl 2 Abgxle] 93 ¢3E FH HolAF
& Uy sle|A AFE FHES L, AR F HolAE ¥
B3 AEAEY F, HolE F HojAE WEF AERIES
T & AT g 5 duddd o 44E B
Zej2Eol dis) HdSs AN 7t G Fol dis)
benefit(Fd HolAFFNA A #Holx 4) of im-
pact(Flo]A] AFEE ¢33 ALEAEY] $)E aYPZR
TR, A 2R daPdFoA ERT S o)y H
I B (o - AF A ol Ho|NE)E T T ALEAE
e g dandEe adzEe AN FEgu BRE
AFelAM 7+ dugFEe =AY £ Y& F}vlel(para-
meters)E Aeth EE A$o] AH Byl YekE I
el s =4 g,

([

42 A® dlol&

2 =299 AL F 9 § AERREH 42 2
I "ol E o83ty fagh. A WA Alo|Ex ofro}
1} 839 LadyAsiana AtolEo|t}, o] Alo]Ex 211749
N2 e g HoANER FAH dom, 1 9 B o
Ao} gAE Fo] E3E] Q). LadyAsiana AlO|EZ
HE F 84979 21 dlojHE AUtk F WA AJEE
KBS #5729 wltojAn Al]EZ o] A]EE 62774
Az g2 g dAoAER FAHY glon, F 16Uy 2
1 "HolHE At

A3 FH o2 0SE Windows 98, CPUE Pentium III,
RAM 512MB, Z=2a#% dofE JAVAE A&3t4.
<E 4-1>& T g2ad dis] £ dolHe HAE
dolele] AHZAEL BojFr)

B =R E Ade dejrt v gAY 52 vF 1
BeE ol gtk &, 2 AEAEY ¢IAH HE
g7 A8 A Ho)A JlF(F, 3welA) wukel S
o FojA AMF(F, 208ejA & B lA)E =T =
AREL AAgY £3 A4 HolA Ags FiHY Aol
E BE 350)x] ol MAER A, Ho #Helx
A4 LadyAsiana Abo]E9] 7 ¢ 2080]#], Z18]1 KBS-
Media AtolE9] B 9-& BHojAR Ztzt T2 A AeE F
Ak ojAe FA Yzad i Mol BEEA
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