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Abstract

Web Log Transaction composed of data that records web page usage of users. This research will
purpose algorithm that has major responsibility in searching rules for prediction. Data in form of webpage
is different from any other data in sequence of webpage usage as user’s next requests that is very
important. Sequential Pattern applies to data of webpage will occur the skip in datz; -error and this will
create lower effective result. |

Referring to the problem, we could learn that relative rule incurred and decreased affects from
slide window that is fixed. This result in rules searching for example when slide window is too small it
will result in long rule cannot be found. Vice versa, in case of too much slide window, the lost of small
rule will be incurred because it could not be found neither. The solution is Adaptive Window that is
switching both small and large rules that result in the foundation of both short and long rules. Also the
correction of prediction increases.

The principle in rules consideration will create Path-based Model by long rule establishment more
and apply the Join Operation method in order to create A New Candidate Generation (Ck). By this
method, the time consumption in processing will be reduced because some rules or usage patterns that are
lower possibility would be tare off.

In part of experiment of this research, 5-principle rules then the additional data used in web log
table will be established. After that the data is processed by algorithm would be designed then the data as
Tree result in decreased some rules by Confidence and Page Prediction. The last process is pruning some

nodes in order to leave only rule that is very concise and result in what we specify.
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2.2.1 Algorithm Apriori.
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L, = {large 1-sequences};//Result of litemset phse
For (k=2; L, # &, k++} do
Begin
C, = New candidate generated from L,
(see section Appriori candidate generation)
for each customer-sequence c in the database do
Increment the count of all candidates in C,
That are contained in ¢
L, = Candicates in C, with minimum support.
End
Answer = Maximul Sequences in U,L,;
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:J“IJVI 5 Algorithm Apriori

2.2.2 Apriori Candidate Generation
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Insert into C,
Select p.litemset,,...p.litemset,_,, q.litemset, |
FromL_p,L_ q
Where p.litemset, = q.litemset,,...

p-litemset, , = q.litemset, ;
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f1N “Moving window pair’ IauhazseneuAIuae Adjacent window 1AUNNTNA1TANI
= : . & g a d' v o a <
(38071 Antecedent window HI9¢ATOUARUALININALIOONTIINUEGT  1ABITHININOANIUDA
flagdiu  TasmsuSeumounaudlwloulunan - wazlumiidefioous1i5endn  Consequent
. 2 g A4
window #49zA3BUAQUALIWINBEN YL THDUAA
v v
TumsSonldnunthaeisaewuiniululenane 11ez5un Antecedent window = W1
i pA 3 Y g ' &l Yy 4
1z Consequent window = W2 sisvetiiu ladndume luau wi tiuesilsznenlddodumaves
v P 3 A v v 9 Y < Y < ~ ~ v <1
W2 & aaiuninnsdisenardnadueziiuldn Humelu wi wwlinalumssonldaudume

lumsinnedouiu

W1 previous visited pages next visited pages w2
A B C 7?2
08000 L ® ® ov2e000
curpent page next page
Time: [ r

v

E‘ﬂﬁ 10 L1119 Moving window pair _
Jq 9 . . . v 9 Ay Yo o Yy a4
inﬂﬂ”liﬂiﬁifalﬂﬂi‘lf\ﬂu Moving pair window ﬂ“U"Ui’)Ha‘VlvlﬂW'IHﬂWiﬂiuﬂiﬂ\‘ulﬁ? MNT1Y
Yo A v o Jad v o &R o o A o o @
‘lﬂiUﬂfJﬂ'liNﬂ’J'lllfﬁJWHﬁ‘V\ﬁJuﬂg]ﬂ’ﬂllﬂ'llwuﬁ %QﬂZQﬂHTNTVHﬂﬁ"llluQ Tﬂﬂ%Wl&’Juﬂl@QﬂﬂﬁNW
> 3 o . . . P @ ' I { o
uu%mﬂumn’aﬂﬂummm Moving pair window Li'li]%t‘iﬂﬂﬁ'ﬁ”lﬂﬂflﬂﬁTJﬁfn Log Table Tﬂﬂﬁﬂuﬂz
s : I g 3 @ @ 1
llﬁﬂ\imﬂfﬂiﬂl‘ﬂﬁﬂNﬂﬂlﬂﬁlﬁﬂﬁ@ﬂuulﬂ\i ﬂ\‘lz‘l.l 10 llﬁﬂ\iﬂ?ﬂﬂN"U@\HﬂﬂﬂWiiﬁ’ (A, B, C,AC,D,G)
1 1 ) ¥
lﬁ'ﬁ)l51ﬁ1ﬂuﬂ‘1}u]ﬂ°\lﬂ\1 Wi=41ng W2=1 ?NE‘II 11 tﬁﬂuﬂ]itﬁﬂu Moving Pair window UAAZATY

v Py Y o Y v
g lagduuumsiSonldanudsgdduas




faJs]c]alc[[p[G] Wi w2
D1 | D2 | D3 | D4 P1

A'B C A‘C Dl G 15l cl A C
> B|c| A]|C D

A,[B]'c Alc]D Gl R —

Eﬂﬁ 11 UEAINTIADUVOY Moving Pair Window
Y
= L]

k4
@ [ ° ¥ I~{ J v @ 1
YUIAVDI W2 uuﬂmaﬂnummmmmsmmmimmﬂ’m:tﬂumﬂi PNAIDYN ‘Ifﬂﬂsh?i)

T
' v

s '
w2 = 2 duninedanminsanseinngldaeuns luanuisediselyd w2 = 1 welidielums

b4

1Y { 1 a L @
dFudsummisiiimesaieiues

2.5 Rule Representation methods
J =4 { '
wnanINsuAAngAgYuLYes LHS™P RHS 91nas1asnaui ldna1 13dhedu
' Y A a = Y ' o o @ | aa

na1la RES Avmanazgnizonldaude llaungaiuduius Tudm3smsuan LHS 15192
vuaue 5 3msaaunu

adg = !

- IENITUINLITUNI the subset rules

& ' 5’;’,’ = @ SRL LAY a & & aday Yo o w o A

Fangarihivazmioutungauduiusuu@udezduasi i ihihddunazdin

k4 [
v o A

a o a (4 0 ad v o Lo ' ..
ﬂgﬁﬂﬂullﬂ%ﬂi$ﬂE]‘Uﬂ1‘J’J!.ﬂ51$“ri PNUUINBITIUIIBTNITNHAINAUWUIANUYY  Aprioi method

' 9
[10] il lumsdszunananumisiedonlud 1519218 subset rules fan15190 1 6o 4l

W1 W2 Extracted Rules

AB,C D {A,B,C}>D,{A,B} 2D, {B,C} 2D, {A,C} > D,
{A}=2D, {B}=>D,{C}>D

M13190 1 UueaIfa0t19mM 314 35 The Subset Rule representation

- 35N @09 (39171 The sub sequence rules.

=<

I o o w Y v a Y = o w a
“Ifﬂi]mﬂuﬂ?iu”lﬁ?ﬂﬂ"ll@ﬁ‘ll@y‘ﬁ (Order) HIHIWIITIAWY Iﬂﬂﬁ]xlﬁﬂﬂﬁ131ﬂ1ﬂﬂfﬂilﬂﬂ‘ilf)ﬁ
< @ o o ' A yad k4 A <3| < A a
AUIND AIA15197 2 At 1ule 19I5ms sub sequence rules ﬂgvlﬂ A, BLlUD A l‘lJun‘lJ!‘Wintﬂﬂ

v v Y1 am dy v 2K v v asf & o
Aou B nanlaindtmsilerndondeiudanessulu Sequential mining [4]
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Wi W2 Extracted Rules

AB.C| D |(AB,C>D,(A,B)>D,(B,C)>D,(AC) D,
(A)>D,(B)>D,(C)>D

M15199 2 Laneied19ams 1933 The sub sequence Rule representation
Qdd' = '
- 35N (3801 The latest-subsequence rules.
~ o o w v Y o 9 a 9y [
i]ZiJﬂ”liu1a'lﬂ1J°U’fN‘UﬂiJuﬂ(Order) azvaya o ‘ﬂ%iﬂ“ﬂu (decency) UIWINDITUIAY A
- | g Y, Y aa Yy ' o
G]TJ’EJUNDJEJ@ﬁ’Nﬁﬂﬂulﬂgﬂllﬂﬂuﬂzﬂ’w’]ﬁﬂﬁ the latest-subsequence rule ilz"lﬂsuagamm 2N

@ 1 @ R 3: g % 3
fd19 sxFunamundinves Wi siumsgahosziiludeyayailagiiu 1iufe C rawe

Wi W2 Extracted Rules

ABC| D [(ABOC=>D,BC=>D,(AC>D, (C)>D

{ o ' Yasy
A13197 3 UAAIR0819M15 19T The latest subsequence rule representation

[}
~ '

ad oS A .
- 150199 @ 13801 The substring rules.

]
@

wilmnhdduvosdoya  (Order) azdoyaniidnynizegdnnu (Adjacency) €111

U
b

a o o (] = { Y a o [
Ansandae dwnedinzitudeyanTongimumsuoniozidiniuzdoalins G vadnduiaue aa

(=] 1 3 ] Y Y  ad o 1 n:y ' Y Ay 12 o
sziitung A, C =P D usy biannsedunudieiidanani marwiududeyailidadu

W1 w2 Extracted Rules

A B,C D <A,B,C>2D,<A,B>=2>D,<B,C>= D, <A>-> D, <B>->
D <C>->D

M15199 4 1EAIR20619m5 1FUUD1 the Substring rule representation

A ¥y oa

-25m39 ¥ (50071 The latest-substring rules.

) °

wimnhdwuvesdoya (Order), Yoyaniidnynizetiaiu (Adjacency) uazdoyn

{19917 (decency) vz adaY

Wil W2 Extracted Rules

A B,C D |<A,B,C>=2>D,<B,C>=>D,<C>->D

{ @ v Y “ .
M13190 5 LAAIRIDE1IMNT 1HUVDA the latest substring rule representation
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k4
Tavldudazngiiuezeglugiuuy  LHS™PRHS  Tavezdlimsiionua1  Support Ay

14 b
confidence factor Yumndane lilil

_ count(LHS,RHS) sup(LHS) = count(LHS) el sup(LHS, RHS)
count(Table) count(Table) sup(LHS)

: @ 1 o a v $ o
MATUMITIAY Fanmsiumensiumsiieueansnews 1 Count (table) Fiy
< Y °
s aen lalumsdiuon
4 o o o an 2 ¢ o du 1y ¥ ) o A
dadidganmsihitms ludsnganuduiusdenandieduliidamniufonsnseny
Y Y [
119ngNe JAgAT Minimum support LA minimum confidence M1NNGlaliAUNAITIAINIIAIN
o Y ‘§ ° 0 d"d v a ad = Y 1 Y @ asf a
fnua 13 FamsnseiumariGennmsnguiailuitasildnan i ludaneT sy lutls

v @ o
ANUTUNUST [4, 10, 11]

2.6 Tree construction
as o w A ama & A b4 Y A ° U dy Y g A
Bmsdgdnituiules ldnguudifemahingmaHugse Tree nfo  Latest
. . 2 g ax o o A a a a %
substring index tree (LSIT) &uil1I5M5a319 prediction model NUYTEANTMNIAzLMS 1%
] o Y a a 12 v @ t:y
wiheanuiniosiigqa Taostinanmiadi tree deae l1lil
- usay ng Weuldds TnuanitsInua
> ' & o
- TnuadunuaaudiuTrnuaini (parent node) Falnuadiarvezdiulvuagn
(children node)
- INVDBY tree %zrf]u default rule

v =1 Y & 9 o Aa o Yy o
N ’J’E)UN@]E]vl‘lJNQZ‘l]izﬂ'ﬂUﬂ’Jﬂ 6 T‘Huﬂ PITIWHINMTNMUYNUNANTNIUIY S nHAIunNY

. o ., .
dieada LSIT BoudeoudnziiulaivsinmsounsowaouulasInuainalvua aae

Yy ¥ .
a o a

Bmsaanaae 11l TuaounISHUIS (pruning process) 92 191aANNT post-order traverse 1Ad
- minTnuagniien Confidence Houn1 confidence 1t Twuﬂﬁmdnﬁ%gﬂﬁﬂﬁa
- mnTnuagniimyinine mileuny Tnuaul Twuﬂﬁanénﬁﬂxgnﬁ'ﬂﬁwﬁuﬁu
axiims Tus Tun 1 Tnuano 18 Tnuawigana iy Fagulfi 12
Trua <C> =P N 9zgnwgu ins1ziim confidence toondn Tnuausi
Trua <A> =P M azgangu msizniimsinnodumase lu mieufuTnuam
M990 2 Twuﬂﬁqnﬁnﬁgﬂw;u
Tvua <E.A> D R fvzgnTils Tun uaziflonSoudvnoziudiiian Confidence founi

b4
Tnuau dniudeganguludwuae
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naannETaFumsnguey 14 LSIT Aegalin 12

astinagounin <> =P 2 FaazlimsdumTagme C weimsdunmudllinems C

v 1 v
Fafuszngaathoildie 3n M futumsvinneislding M

AsdinaToumIn <A, B, C> = 2 axviimsdum laeldme C ieshimsdun liwens'ly

& @ 3 [} o df ) @ a &3
axliduma B, ¢ dsvzwuInua P aniuddhidanududulumsdumanudwiniae luud

o =< g
Mty ma P

DM, 50%

o AR\

Rules Pessimistic confidence

ZEYY] 50%

<C> 3N 40%

<A>> M 30%

<B,C>> P 70%

<C, 0> Q 80%

<E,A> >R 40%

DM,
C->N, ADM,

B.C > P, T0%
BC- P, ceoyQ, EA R, ]

C,C-Q, 80%

v v ¥
517 12 wansdeyanaziimsadredulindouiamnguInuaia

& . v 7 24 a ]
Taunlal LSIT segavanvinalumsuied (Classifier) SannminSouiousziiulan
YIAVDY Latest-substring rules set 1118A1MMI LSIT pruning W1aveIngimasszlivinatiova

awv . - % 1Y ad @ v A ' Ay 1o & v £ g a
1INNUITEYS Tianyi Li [6] s2ydaedsmsdwnaniingangdlisuiuesgndanaiiuilFuna

v 3 s a1
daduia 4/5 vzgndnieeen 1
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3. aanaiﬁu‘lﬁmmsum‘mumgﬂnmumﬂmamu Ei19]
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3.1 9ano3 LN 19 1uuITeY
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Begin main:
L1 = {large 1-sequences};
For { k=2; L, # (J; k++} do
Begin
C, New candidate generated from L_,
(See a new candidate generation)
for each web-page sequence ¢ in the web transaction table do
Increment the count of all candidates in C, that are contained in c.
L, = Candidates in C, with-minimum support.

End

g‘ﬂ“ﬁ 13 A New Algorithm for Web Sequential Pattern Discovery

The Candidate generate function take as argument L,_,

sequences. The function work as follows. First. Join L, with L,

¢ Otherwise

g, Al - oy R0, | =\8 ) jdloell . 2

n

T5=b ,a, =03, 4, =b,,

the set of all large (k-1)-

pl ﬂﬁ 14 A new Candidate Generations

v 3
Tumsadi ¢, W ldlddidewns Join Operation Imidadavz lans1uuudlrinlu

s k4

k4
ANYULVDY Sequence Pattern Huaziamsnse Taafuued Item NHAIANS Join 4TI Sequence

1 o w . . i o v d ° a
nldvzued1ey  (Order information) el niunszgna ldnudumeszdi i umaians

v ¥
nyzlaa lalruiu aafuszdanalinnuuiiusianas 1y nsemsinneAamoulide




4619

v o A qo A0 Yo 4 o
latimssmuangiiie 14 umsneass Taongmarilldmnuatiuungs

EiN‘ﬁl U: A new Candidate Generation

DE® ED=>DE"PD
DE® EY=>DE=DY
ED®DE=>ED"PE
DE®EZ—>DE=DZ

14

Ao DE = v,

& @ 1 v A ° A a
X1 "> C, D =» E, C =¥ D, D, E =P Y HanganandsdumarilIdi lliu@uluaiseden

Y o ¥ Y ) a4y v v A v > &
l!a')u’IGU'E_)HaW']uslluﬁ'ﬂusua\jﬂaﬂﬂﬁﬁumulﬂﬂ@ﬂll'U‘U"l'J Iﬂﬂ@ni’m‘n 6 Iﬂfﬂl@ya‘nﬁﬂuﬂ‘w 7 1P

v @ ~ = Y ;’,' A @ LR 3 ) :
ﬂ’)ﬂﬂuiﬂﬂllﬂ']ilifJﬂcl“]f!TULW%‘Vl\iﬂilﬂ 5 N9 maﬂmga"lﬂmmmmu Cleaning Model Iﬂﬂﬂlu%z

' o a 1 vy 8w . . . § YA
Audanessulugdn 13 Tavezlddoyaitludnume Moving Pair Windows Tasininiifisunly

] =) = Y = A @ @ as @ a ) a & A
l’)‘Ul‘Wi]lJﬂ15liﬂﬂ1‘MQULW%VllﬂHﬂuﬂu DANBIFTUITUUNITINAVD Pattern UUINEIATUAYD

@619 P1 Tgglwumsdh D=2 E, E2 D,D 2 E, B Y fnziiui1D D E

;’1 a 4?‘ ¥ @ ;’f @ [ LY asf Vv Y . Y @ a
WUAAYUABAU 2 ATI NAINAIDaNB3TUIA92 1A Candidate Generation C, 9019190 7

IP1 D B D /i > 4
1P2 X4 X5 D B Y
1P3 X1 r D E Z
IP4 X1 G D E Z
IP5 X1 € D £ Z
IP6 D '3 Y X
IP7 D E Y X1 X2

A v g v
M13199 6 uaastayanlslumnanes

X4
X5
X1

0.571429

0.142857
0.142857
0.571429
0.428571
0.428571

0.142857

A1319% 7 Candidate Generation c,

@ < VY 8 Y ;’,’ A @ ]
azmundeyauadiuezgnnseseen limndeyatiuiinn (support < 0.142) faau X4

s oA o @ yYu Sa o a
X5, X, X2 LLZ‘]$ﬂaﬂlﬂﬁﬂ’ﬂzgﬂﬂu‘ﬂﬂ‘l?ﬂﬂuﬂﬂ D,E Y, Xl1,C, Z ﬂ\‘]?l‘l]ﬂluﬂ'li'liﬂ 8 ﬂQUNﬂQ‘\]%

W [ . . £ g . . [ Y i v dy
gﬂmmu"lﬂm Candidate Generation FUIUMT Join Operation faedae Uil @Wums

Operation Join ¥84 C3 =12 & 12
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"DE®ED=DE=PD:ED ®DE=>EDPE
DEXEY=DE=DY:X1c®CD=>XI1C=DY
DE®EZ=>DE=DZ:cD®DE=>CD=DPE

' Y oo =R P~ . . ¥ A
mqwmﬂmuum‘lumﬁm 9 A9 Candidate Generation C3 Tﬂﬂﬁﬁ]dq’ﬂﬂmﬂ’ﬂ

A15197 10 9eIMdAe Larger Sequence L5

RULE = | || Support.
D 7 1 RULE
E 7 1 DE->D 8 1 0.142857143 | 0.125
Y 4 0.571429 DE->Y 8 4 0.571428571 0.5

X1 4 0.571429 D.E=>7Z 8 = 0.428571429 | 0.375

C 3 0.428571 ED->E 2 2 0.285714286 1

zZ 3 0.428571 X1C->
D 3 3 0.428571429 1
D> E 3 3 0.428571429 1
13 Nﬁ 8 Larger Sequence L1 (20b] N‘ﬁ 9 Candidate Generation C3
RULE
XICDE=>2Z | 3 | 3 | 0.428571429 1

13199 10 Larger Sequences L5
2 ' o ~2¥ @] 9 A 1 Y . oy '
ﬂﬁﬂu’c;fﬂ‘luﬁiu‘llﬂﬂﬂﬂﬂﬂi‘ﬁﬂuulﬂﬂiﬂﬂ LiJ’f)"liJllﬂﬁ’cﬁN Candidate UUID ﬁﬂ‘ll

9 . £ N 2 o \ 9 )
AT DE I Candidate muﬂ1qﬂﬂﬂllﬁ3 “]NuouUfniﬁuq@ﬂ‘liw']\ﬂuﬁ')uﬂ'ﬁﬁi'ﬁﬂauul@ﬂ

3.2 myasaduld (Tree Pruning)
huduneude uimezihngunathadudnuazduld (Tree) Taofimdnmsadisdenolali
unaz ng fSou18as TnuanilaTnua
- TnuadauunaauthuTuuaisl (parent node) FaTnuadadsozilu Tnuagn
(children node)

- JNUO tree %’!ﬂ‘u default rule
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R = o o U @ =1 " §
Tumswguiiaies1935ms post-order Aai lana 1 Tid1edu devziiuldhlugali 16

-E " Y, <Root,,, 3zgnujumsiziion/Souiioua Confidence udarvesTnuaiudiaiiion

andu wazins TUsTua DE =P Y wufodadu EDE DY wganguwnizimg i

L %) 1] 1] Y é Q L3 1] -
Confidence 18801183 Tnuauiirusu 382 Inuawigeanaindaile

o

-E " Dy, < Root,,,, WQANTUINT1ZIIA Confidence oundau

i

£

iiie D.E™D Y.

-ED ™ Eand C,D P E aggangumsiznludmmavinneldnamionsuInuau]

-E "7, < Root,,, 1gnnguuazims 115 Tua DE = z ifluTnuauives C,DE = 2.

-D,E P 7. <Root,,, WYANTUINTIZIA Confidence Tirttoundndaul uazshims Tas Tua

CDE™> 7.
KE» D
* D
X4X5>D

XL D /

ExD
D> Y
ne>p
EDE>Y XEDE>Y
DEDES Y NANSDE» Y
a
sUN 15
@
E>Y
Conf=0.44
on E>D
¥
X 2
DE>Y Conf=0.2
Conf=0).5
y
EDE>Y
Conf=1.0

317 16 Au'ldin

v

Yt v
Iéfimsaanguiengudn

ROOT ok
Xt X2 ;
h 4
DE>Z
Xd > X3 4
Y X X2 i
Y= X1 CExZ
Xi» ¢ Do Y X A 4 L 4
EY>X1 EY,K15 X2 L
l' XLGE>Z
ED>E X5 > E >k EY>X
b A y
\ EY = X1 DENY,XE> X2
r r ¥
k0= | Ebxaxsose] | xueose] Jomysx
EDEY>X
Y nl 9 v a ) <
AU ILUUUAUAY I 1NVINATTINADAN
ROOT
Canf=0.45 \
E>Z
C>D Conf=033
X15C D>E v
Conf=1.0
Conf=0.75 Conf=0.85 l DE>Z
' Conf=037
ED > E Conf=1.0 l X1,0>D l
Conf= 1.0
Conf=1 CDE>Z
C,D >E Conf=1.0
l Conf=1.0
[ X1.C.D > E Conf=1.0 I l XL.CDE > Z Conf=1.0 I




1
il

DE>Y

Conf=(.5

06501
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o4
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AT AUNA NIZIDWNAINIANTE

—_—

CDE>7Z
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