nsAUNLERIIen1sNUsINgUeskazadataniglanisivuarumin

ANNANAUVDILARLIIBNT

<4 [ 1 =

WendnusililuduviwemsfnwnuvdngasinermansumUndin
21973V INYINTABUNILADS
ARLINYINTENTAUNA UNINYINPYTN
NINYIAL W.A. 2561

a

ﬁmaw%maawﬁmﬂé’agiw



MINING WEIGHTED-FREQUENT-REGULAR ITEMSETS FROM
TRANSACTIONAL DATABASE

KITTIPA KLANGWISAN

A THESIS SUBMITTED IN PARTIAL FULFILLMENT OF THE
REQUIREMENT
FOR THE MASTER DEGREE OF SCIENCE IN COMPUTER SCIENCE
FACULTY OF INFORMATICS BURAPHA UNIVERSITY
2018.



ﬂmzﬂssumimuqﬁwEJwﬁwuﬁ‘LLasﬂmmswmmau%wmﬁwuﬁ’lﬁﬁaﬁcm
ININUSVDS ARFNT Ad9daS aduludn Lﬁuaumﬁ"‘uLﬂuahwﬁwmmsﬁnmmu

wangnsmemansuingn @wivivernisnoufiuned VRWMIMENFEY WG

AMZNITNNSATUANANETWYS

e |t
............................................................................ 919158NUS N
(Aemansiansy o lnwa Suwiv)
AMENITNNSADUINE I RNUS
O:\)"\’“m‘s e USEEU

(§emans 19138 as.oydn Iniauna)

@*(Qq"\-nss:ums

({hemans191sd as Inie Suwiu)

A P
@, Prodods NSIUANT

AL INEINsEIaEUmA eylRIEUInendnusatuiidudunisuesnisfinwn

wengnsnermansuniudin awigginenisreuiames VOWNTINEA YT

7 e

........................................................................... AMUAREINENNISAITAUNA

Ui 23 e, DEITR............ WA, 2561




AnRNssuUsznIA

Wenfinusatuiidniaslimeninunanain §iemansiansd aslnwe suniu

'
a

91913587U3nw1 AnganlvAmuSnwnugiuluIniefigndas naonauwi lutaunnsadsig o

a

Areauazdaddauazenlalddmefianenn §33e3dnvudalusg9d Favensu
& 1 [% 1
vounsAnuageadly s lanadl
Wesningridnusdlasunuganyuinednusuasg vl dnusanumingde
Y511 Yeulseanal b&oo J9vevauUNTEAN M il
YBNIIVVOUNTEAM ANNBANIY AMUINIE AT uagil 9 nAunlindale
wagatuayueIdg LN

Y a

AuAazUsElevivesiveinusatull §ideveneuilundyynaniinius unnis

Yoy
I

319138 wazd Anszamunninuislusfnua gy Avilddmdndudinsdnuuas

Uszaumudnsannaunsiuwinniuil

ARANT ARIIANT



56910495: @NU1IT1: INYINITABUNIADS; .4, (ANYINITADURLADS)

[

Mdfny:  Nsviunileadeusa/ MIAUMINGANUEUTUS/ NSAUNILERTIENTS/ LWRTI8n15H

o

[

Usinguosuazasiiane/ Andwinaudidy

Anfivn advians: msrumasensiusngUesuazaiianeneldnisimune
dminanudfyreusazs1ens (MINING WEIGHTED-FREQUENT-REGULAR ITEMSETS
FROM TRANSACTIONAL DATABASE) Aaugn3sun1sAuAtinentinus: Inwa duniy, Ph.D,,

109 . U n.A. 2561

MsFumLEns1IeNs/UNUUTIUINg UesuazasiavelignAuaiuaziiauoagng
wnsnanglunmsdumisnsensiifienuiaulanngudoya Flsnskufudmiunisdum
LWRNIIEN13AINE 1 RTURINGANTTL/FURUUIUNTUTINgYeaY A Tneiansaies
anudnieduauafaazanuaiiavelunisusngduvesteya wiegrdlsfnnalunig
Uszendldnusisiudoyavidolnmenisifesmsdumangiudeyaanunsadianuddnuie
anuhaulafiuandstudealiisnisaafuliansonouausssenudoanisdananild
Frifuringrdnustavldinnhauetagmuariinisdmsumstumisanemsiivang
Yoswaradinanensldnisimuadniminaudidyuesusazsianis (Weighted-
Frequent-Regular ltemsets Miner, WFRIM) s?fwzmmmﬁumLsmmam'ﬁﬁﬂi’mgﬂaauaz
aauslugudeyandldteulsiwnsensiauddgviernuinaulaiiunnsieiu Tng
FBnns WRIM 1Hlasesarsduliiiizondn WrR-tree lumsdnifudeyauazldinaiin WFRIM-
growth lumsdusmamsensidusadndluruasing q deuldvhmsimuuiulsduney
Flumstumaasenisidiausliiiussansamiiuandufidendn Weishted-Frequent-
Regular Itemset Miner using Inverval Word Segment structure (WFRIM-IWS) TagTa n1s
FaAuteyaluguuuulauiindannimes (dynamic bit-vector) fi5unin Tassassuvangy
sendutias (interval word segment, IWS) &svisanstuneudslédinisuszgndldinaiinns
AuaumAuvTnianga (Global maximum weight) uagA MmN uIngavasen
5180157191507 (Local maximum weight) Lﬁaﬁ’m'ﬁawauﬂ%gﬁamuzLLazL’Ja'ﬂ,umi
Usediana mﬂmaﬂ'ﬁmaaﬂugm%’ayjaﬁaLﬂiwzﬁLLazgmﬁé’IayJaﬁqLLamTﬁ’Lﬁu’jwﬁgﬂaaq
Tuneuitamisaduniensienis/guuuuiiusnguesuarasiianenisldnisdmuad
dminaudfyveusazsonisidediedivssans an Tnedunewis WERIMAWS @1unsa

Uszananalasimsuasldniieanuintesnindunauds WFRIM



56910495: MAJOR: COMPUTER SCIENCE; M.Sc. (COMPUTER SCIENCE)
KEYWORD: DATA MINING/ ASSOCIATION RULE/ ITEMSETS MINING/ FREQUENT-REGULAR
ITEMSETS/ WEIGHT OF IMPORTANCE
KITTIPA  KLANGWISAN: MINING WEIGHTED-FREQUENT-REGULAR ITEMSETS
FROM TRANSACTIONAL DATABASE. ADVISORY COMMITTEE: KOMATE AMPHAWAN, Ph.D.,
109 P. 2018.

Frequent-regular itemsets/petterns mining has been explored and proposed
to find interesting itemsets in a database based on their own occurrence behavior.
Traditionally, an itemset can be identified as interesting by considering only frequency
and regularity of an itemset occurred in the database. However, itemsets can have
different degree of importance which traditional approach may affect the missing of
important/interesting knowledge in real-world applications. In this thesis, we introduce
approaches on mining weighted-frequent-regular itemsets (also called mining WFRIs).
in which the first approach is called Weighted-Frequent-Regular Itemsets Miner (WFRIM)
by using FP-tree like structure named WFRI-tree to maintain candidate itemsets during
mining process and using WFRIM-growth technique to mine WFRIs. To improve WFRIM,
the second approach is proposed called Weighted-Frequent-Regular Itemset Miner
using Interval Word Segment structure (WFRIM-IWS). The dynamic bit vector is utilized
for maintaining occurrence information of each itemset named interval word segments
structure (IWS). The both approaches apply the concept of overestimated weighted-
frequency and global/local maximum weights to early prune search space and reduce
computational time. From experimental results on synthetic and real datasets, the
both approaches can exhibit to discover weighted-frequent-regular itemsets efficiently.
In addition, WFRIM-IWS outperforms WFRIM in the terms of computational time and

memory consumptio
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(Association rule mining) (Agrawal, Imielinski, & Swami, 1993) WUNEUIUNITNT AU

EN

(%

arufeslumsaradoyaiiielvldasaumaiiaulafsnisduningaruduiudtuiidunon
Tun1svhanu 2 Suneu Useneude 1) Sunsunisfumigasionsivsngues (Frequent
itemset/pattern mining) uag 2) %gumauﬂ'ﬁa%fwﬂgmmé’mﬁuﬁ‘ Tnelusuusndunisium
ngArmduius g nAndud ui odumiaruduiusvesdoyalugsfanisd1dn (Retail
business) (Agrawal, & Srikant, 1994) Faazvn15iies1enaudlunend18ud (Market

basket analysis) L8 AN BINGANTTUNTHRAUAI1VBIGNALALALININTAUMNGUYDIFUAT

ANAPe3WNUUBEATIINUUENaaNST ko lUTTUsElevtlun159nyilustududual n1sinang

Y

a [

duduazlddmsunisnanunienisaain \udu delainisiinisdumnganuduius
wagmsAumnsensiUsInguesluussendldiunudu 9 1w 1) lunislmneideyanis

MWU§NT3H (DNA analysis) (Cong, Tung, Xu, Pan, & Yang, 2004) %ﬁ’m’l'iﬁum@ﬁjad DNA i

)

Usingsaduveeasuanduanvginelmialia 2) lunenisunng (Serban, Czibula, &

v v

Campan, 2006) 9¥vinn153ladegUievseviinelsavesldigainnguein1sinusng s

&

o

Yoy 1 3) lumsliasizideyadiugluuseuing (Census data) (Malerba, Esposito, & Lisi,
2001) InensfinrsananudusiudvesdnuvazgivssimatazdnvazUszansiendooglu
Nufidy 9 WU 01T wwe 019 518% n3finw wagdu o ieliuszneumsdadulalunisang
LHUNITUTANTENEIT0Y (NMSANYY NTVUES UaggunIn) 'i@mﬁgﬂmiﬂizﬂ@Uﬁqiﬁﬁ] (l59910

9nAMNTIN TeasInaAuA wazswas) Jusiu
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mnudvesnsUTngifisegaien Fsnsfiansandindnenaliifisamenieneuaussse
Aufissmsdmsunuiivsiluuszgndld SadumglitinideRnfunazinnnnsfumien
semsfivsngueslunainrateuds 1wy msdumiensiensiivsnguesluteyanseus
(Frequent itemsets mining in stream data) (Lin, Chiu, Wu, & Chen, 2005) ATSA UMY R
s189n15wuUlnadn (Closed frequent itemsets) (Yan, Han, & Afshar, 2003 ) ANSAUNRILGR
iﬂ&ﬂﬁiﬁﬁ@f’lﬂmﬂiﬂ%ﬁ@ﬂ (High utility itemsets mining) (Li, Huang, Chen, Liu, & Lee,
2008) miﬁumL%mwmiﬁﬁﬂ'ﬁﬂifmgéamﬁ’uaei'mLﬂué’wé’l’u (Sequential itemsets mining)
(Agrawal, & Srikant, 1995) LLazﬁlu d aauntul A.@. 2009 Tanbeer, Ahmed, Jeong, and
Lee (2009) ﬁ"]Lauamiﬁ’ummm’mn’mﬁ'ﬂifmgﬂammzaaf’%ama (Frequent-regular
itemsets mining) 18 u3nsuilslunisdumiensienisiunauladsdssuanuauladusgng
un TagagAumiensensiifidnvaznnsusingues 9 uazusngedasiiauslugiudeya
Mntuiivansenddelihnisauniegasenistaing niuiaundesen Wy msdunen
iwmiﬁﬂifmgﬂamazaﬁwLauaslugflwffayjaﬁLﬁuﬁum"%aiugﬂu%aaﬂaﬂﬁzLLa (Frequent-
regular itemsets mining on incremental database or data stream) (Tanbeer, Ahmed, &
Jeong, 2010a, 2010b) N3RUMLERTIENTTIUTINYUBs LAz AL e TAAnUselomigs
(High utility-regular itemsets mining) (Fournier-Viger, Lin, Duong, & Dam, 2016) Lardu 9

MR NTINTA I IR IBNsTIUTNUetuazansensiivsng Uos
wavadnaveiinaudsduasinisdunensienislaefiunassienisiianudfynie
Aanuutaulawiiy widmulunisussendldauas mane q weunfinduusazsnenis
anansafauddny/mnshadlafiunnisty fogratu Tugsiafmuanvidereassnaud
auaugateunazlhudanuddy/diaulauinnindualoifisanaznsilual 1mnauA
Fananisauasilunisderifuniedudurateunarlniiswauadslunstedesni
dudnloiisauaznstluan ilesanuwaveuuarhifinadlsuazyarmanisnainuinnii
ToiAsauaznsiluan annsdaanauandidindannuddmseninuinaulafiuansiafiu
izijﬂejmaﬁuﬁ'}ﬁgﬂam éf’mLmﬂfmiﬁumLszjmwmﬁfﬂi’mgﬂaaﬂ']ﬂé]’ﬂ’ﬁﬁmum'}
ﬂfmﬁﬂm’mﬁ’lﬁm%ﬂLLGiaz'i’lem’li (Frequent weighted itemsets mining) (Cai, Fu, Cheng,
& Kwong, 1998) (Wang, Yang, & Yu, 2004) (Ahmed, Tanbeer, Jeong, & Lee, 2008) (Vo &

[

Coenen, 2013) Fslsigninauetulunatsandde egdlsinunuidentegiynussasdnen
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YOI AZI18NIANT 0158071 Weighted-Frequent-Regular ltemsets Miner (WFRIM) tag
FoviudoyalilulassadeduldidiFonin WeRktree antfuriinisfuniensiensiivsng
ﬂaaLLazaﬁflLamamﬂéfﬂﬁﬁmum@i’]ﬁ;’mﬂ’ﬂmmﬁwﬁ’ty,mmwaaziwmwu'wf'm 9 Ay
wada WFRIM-growth mammamﬁ’umiﬂizqﬂ@?‘lfi’fwmﬁﬂmiﬁ’]mmm@m}mﬁﬂﬁmmqm
(Global maximum weight) kaga 1NN 11na A LeAT 18157 Ra1507 (Local
maximum weight) il aynsaaveunisiasaensenisiliaansadunadndls su

Va o

vhandsnisasmeudinfianiuzuaziianlunisuszunanals mnﬁgu;g’;fwiéfﬁ']ﬂ’ﬁﬁﬂw’nl,m
n1nsNUsEANE AN TAumERTInIiuTngUeskaraiatangldnisivunel
dninmnuddvesusarensiieWiUsy s aniliiutuan WARIM fiduauereunth
T 33ele1n auetunsudsluaiiienda Weighted-Frequent-Regular Itemsets Miner
using Interval Word Segment (WFRIM-IWS) Im&%ﬁgumauﬁﬂﬂa"rﬂﬁﬂizqﬂm‘lﬂﬂiﬂa%’m
wisnguifadutag (interval word segment, IWS) igsfidnuauzidunuulauniindannines
(dynamic bit-vector) iiladafudoyansuusnduiiiisiensviewasionisuila 4 Using
Tnetunewds WERIM-WS Tdvhnsussandlilassaieduliifigondn wrRm-tree fiovhnns
JAAUEATIBNITAN 9 T8UINN1TUTTUIANE LLazmﬂﬁﬂmiﬁm’;mmmﬁmﬁﬂﬁmﬂqm
(Global maximum weight) kagAIUIMINT 11Nd AT UTATIBN157 Ta1507 (Local
maximum weight) Lﬁaﬁ’m’]samﬂaw%gﬁamuz 1P891NN1SNAFOUUTZANTAINVDIE D
Tupeuisfivnausagyilinsuliiviae st uneuitausadumaadnsldgniesnsudiy
LaztUREUIS WRRIMIWS avanunsaUszananaldsnduasidvihomiusifosnittunen

35 WFRIM



IUILAIAVDIINGITNUS

1. fiefinw Ainsgidlym wasmuuimsnisiamndiadnandymnisium
LWR318nN15U5NU 08 Tnin1sA unIensien1susinguasnieldnis
ﬁmum@hﬁmﬁﬂmméﬁ@maaLwiaziflsmﬁ wasUgrIn1sAURILLATIBNTS
ﬂifmgﬂaml,awifmgaﬁ%ama

2. wieriauedyminsdunensenisiusinguesuazaiiaueniglinig
Suarm e LRy ve Az s1eNsTIdIaIsa T NaaNST s ez
Tdeya ansauma uazesdmudifiuduanymaeunthls

3. eaturerislunsdumiensensiusnguesuazaiiaue aneldnis
MnunAnilnaud i e s arsen1siidussans anlunisan
wihgaruswagldnalumsiunisnduasianumngaudmiunisly
U

4. \eteseiuasAnvguuuulunsunngluresessisnisiivnngUesuas
aﬁflLamameﬁ,éfﬂ'1'3ﬁ’mum@hﬁ’mﬁnm’mé’ﬁmmLwiazi'lami AU JULUY
nadendodudwesiuilaalugsiadiuin suuuuniseandieidendedudi
oouladlugsiondsddidnnseiind Tasnisfnusuuvuiivsngiumani
annsnvsidwesgsitlunmsfusailsuaganuduiidenlunianiseaia
s

5. ielvgaulaviorniseannsaussgnalddunenisnsdunisasionisi
Usnguesuazaianemeldnisimuasiminaud fyvesutazsenis

Tunsaumsduuuresteyanelitoulvlivaganansainuseseniuifela

Uselenifianinayldsu
1. léfenuuazveulunvesdgminisfuniensienisiusnguesiazaiiae
mefléfmiﬁmum@hﬁ’mﬁﬂmméﬁmmmLwiaz'i’lami
2. ¥ duneuislunisfumiensienisi Usnguesuazasnavenielinig
fvunamtnanud Ry vewaazsensTivssans amludunanildl
Msfaarmheeudltlunsdaiutoya
3. desdarudlmilupmesmesmrngduressluvunieasenisiiusng

UspnazaiauanelanisnmuaaiminaudAguessazsienis



4. lonasuidenanunsafiuwlunuysegaivnn1svsensasivinig

VAULAVBIINYITNUS

1. grudeyailinnaeutszavsnmaestuneuisiitiausluiveinustandy
g1udoyasenis (transactional database) igsamilnanunaindules fimi'
Tnegudoyadinaniidnuasdoyatmmunuiuanuiung

2. Anmtnenuddyveusarens (weight) axgnimuslaenisdu idesd
ARE5¥NIN 0.1 - 0.9 lagddn1sduaraiiunsagisnisinednuiuauide
NOUML 919U (Yun & Leggett, 2005) (Wang, Yang, & Yu, 2004) way (Tao,
2003)

3. ;ﬁ%@’faqﬁ'}ﬂfliﬁmum@iﬁmLLﬂqﬁfmﬂﬂaﬁuaw (weighted-support threshold)
wazAdauUannuaane (reeularity threshold) vt oldiduwn o dwsu
fsanenuaulavesensenIs

4. nmaveaeulsyAvBnmuestuneuisfitaueadiunisly 3 a3y AR 1380
Aldlunisuszanana wiheaudildlunsuszanana uazdiuiuvesen

UNSHAANSNLASU

LHUNITANRUUINYITWUS

s

LAHUNTISANLRUITULALT UADUNITANT UINTUYBIINYILNUS T ANUTOLERS

svazduale H9m1919n 1-1

! http://fimi.ua.ac.be/data/
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f.A. — 5.A.

4.0, - 5.Aa.

4.0, - 5.Aa.

4.0, - 5.Aa.

1. swusudeyauazAnudym

WY

A

v

2. Anwiduneu Tasevidoya
LazAnAuTuURoUISdIMTUNIS
ﬁumLezjmwmiﬁﬂmﬂgﬂaat,l,az
auanon1sld n1sAINUAAT
u%'mu”ﬂm'ma"m”zwaawaaz
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3. WYULUSHNSULAZNAADU

A

\4

4. WEWNSINUIFEN 1

5. AnwUTulgaUsednsainves
TunoUITEIMTUNISAUNILTA
mamiﬁﬂifmgﬂaaLLazaﬁﬂLama
aeldnrsmnuan 1u i

AUAIRYVDILAALIIENTT

6. LNHLNIINUITEN 2

7. 3nvinInendwus




2

=b.

UN

%4

= a a a v
NHYHASITUIIGNNYIVD

MsAumngaNudTuS (Association rule) tumaiiavdslumsvimilestoyad
I#Fuanudeouuazdnsfnuiegaunsuate den13duninganuduiususenousie 2
funoufie 1) MsAunLERTIEN3/JUNUAUTINgUes war 2) Msadienganudusiusan
wnensiildsulutunounsn Tneuidedumnngaiufiagiiudss s amnisi e
wagvreauiilun1sUszianaest uneuN IR UILEATIENT3/3UNUUTIUTINg UBe
desnduneuiifunuiisnuasiinnuimenudstaudesennisfunisasionisi
Usinguesluvaewiyuiiellflanensifaumnzauiuaudoinisueaenainduy
Fowdyniimendnusiaula WWud 1) masdumeemensfiusngues 2) Msfumiensienis
fusinguesuazashiaueuay 3) Msfumiensenisiivsnguesneldinisimunmn
AnudAyvetusarsenis dasuluuniavnanimguitaruidei i srtessuds

[

asnuazvesguloyafilivageuiideimnednusiuiaues Fwzwioandudiusing ¢

A
il
1. ﬂ'ﬁﬁummmmaﬂ'ﬁﬁﬂifmgﬂaEJ (Frequent Itemsets Mining)
2. miﬁumLemmem’ﬁﬁﬂifmgﬂaauazaﬁ’%aua (Frequent Regular Itemsets
Mining)
3. MafuisaTensTungUesnelinst e winaruddy e usiay
518015 (Weighted Frequent Itemsets Mining)

s o

4. audnwazvegwleyailinaaeulunideninendnusiiiaue

2.1 mﬁﬁu‘mLszjm’wmﬁﬁﬂiﬂﬂgﬂaﬂ (Frequent Itemsets/Pattern Mining)
miﬁumLezjmwmi/gﬂquﬁﬂi’mgﬂaa (Frequent ltemsets/Pattern Mining,
FIM) L unszuaunisnidunisadadeyafiuiaulaaingiuteya Qﬂﬁ%auaﬂ%ﬂuiﬂima
Agrawal, Imielinski, and Swami (1993) s?fmmwmiﬁﬂifmgﬂaa B LWM3I8NT (itemsets)
fifisuuedyauivesnstanglugudeyalidosniunasifgldfmua deunnisdum
wnsensiusnguesldgninlulssgndldnisliesgisuuuunienginssunisdedudlu
PEN3I1EUAT (Market basket analysis) (Agrawal & Srikant, 1994) Tnetuneuisnsfitiaue

[
Y A

HazyhnmsAumanuduiusseniteduamiuandieiuniglungnidua 1wy dgnaae



(%

nadnwenudanagdetheusuinyusude uteyatlénmsinmeilausodmatsslond
AotindAsIzvinIsnaInnseRInnstunMsimuauleung MNauEuvsedaviluslududunm 7133
anunsaaglumaifiunarils nssdusonmeuazandunulvitussiatiy 1 (us

dmumdrdnaauardowsing 4 vesnsrumienens/sUiuuivsnguesi
34 Agrawal and Srikant (1994) I¥seylFanunsouansdasieluil

Swual I = {iy, iy, ..., iy} 40 n > 1 Juwnvesiiawiofsnes lneidonus
ag i; € 171 “518015” (item) 1M X = {iy, ..., i} S I ADLwn318015 (itemset) (FUUUY
(pattern) W30 k-Lwm318n15 (k-itemset) 1l X flaundn k sren1sfiuandneiu) grudeya
N5ULNTU (transaction database) TDB = {ty, ty, .., ty} \U@RTEMNTIMUINTY 7184
usiaznsuendu t; € TDB U3l 2 Joyafe j lunmneaunsuwsndu (tid) wazion
5780115 ¥ ndeyalunsiuwendu ¢ aensiens X € ¥ awnsaesuigladiensens X
Usinglunsiuuendu ¢ v3e nauuendy t; iwns1en1s X usiqey Fauiileviinig
ﬁﬁ]’l'im’lﬂ’l'iﬂi’mg‘sﬁ’u%aﬂLGZJGIi’]EJﬂ’]i X wils q awhilimsuiaen TX = {¢X, .., tX} Tafte
UDIINEaINS N TuTiens1ens X ﬂ'ifmgagj e j, k €[1,m] e?faj < k 19 (mae
R LwAIIEN1T X m'iL'%‘mEi"]é'fwaaam%ﬂﬁguhiﬁmmﬁ'}ﬁfy, Wwn318013 {a, b, c} LALLYAN
578015 {c, @, b} zdANALUWINAU USUNITTEUTTUNT 091D UTATIENT X WioA
agmnlunsldnuausadeulaglildindemunswald Wy wasenis {a, b, ¢} @1u1se

Weulswdu abce)

deruil 2.1 (A8l uayu/A1ANAYUTATIENT X) Araduayu/A1AuD
(support/frequency) ¥84L8A318A15 X A T1UIUNTIURINTUMLYAT18715 X Usinglu
giudeyagiuuendy TDB anunsadeuszylidu s¥ vie £X uazdunaldloy sX = |T¥|

w30 fX = |TX|dle |TX| Aovuinves TX

i 2.2 (wasren1snUsingues) lwnsnenis X azgnszuinduensionisi
Usnguesiewdieamativayu s¥ wieaianud £X frannndmsewiduamiinuisatvayu
FUA1 (minimum support threshold, minsup) (s¥ = minsup) %39 (fX > minsup) %4

AAinuysaiuayuduIngnivualagsly



779819 2.1 Mrualigiudeyansiuusnduiinianun 6 nTukendugausenaume

579015 a, b, ¢, d WAy e AN 2-1

tid| items
a,b,d,e
b,c,e
a,b,d,e
a,b,c,e
a,b,c,d,e
b,c,d

DU = W=

A 2-1 grudeyansiunendy

Nnguteyansunentudnegislunini 2-1 Asunliand audsaduayutush
(minsup) Sawviniu 3 asdiuléiensionts b, c wae e Usnglunsuwenduil 2 4 uay 5
(Tbee= (2, 4, 5)) Fepatvayuroagnsronisdnandunildidu sbee= 3 fdumnonis
b, ¢ uay e \uwanensiungueslugiuteya iilesoniimatvayufe 3 deratduayy

YDUYATIENTT b, ¢ Uay e danvindumIanlsatuayutusiingnimuall

2.1.1 3mslunsdumisasienisivsngues

Msfumensensiusnguosmelugiuteyaifusuiienuaziinnuriine
Juegnads iesninmudululdimunvessasenisiiusng sy (search space) i
Frudu 211 dle 1 Aesrensiivsingmelugiuteya Sunngrudoyaivuialngjuay
s sfisiuauanIsn1siug i (naive approach) Tunsdusmiansenisiivsng sy
uaznsfwnAaTuayreaenensiiunglugudeyaszldinalunisuszinanaiu
sufaldnheanuduin dwalviraeaddelatinisfinwwasiaunisnislunisaumiies
memsiusnguesiieudlaiymdangnn Se3nsildfuamnudenlunsduniensentsi
Usinguesanansaussldiiu 3 nau weil

1) FBnsadransenisutsdiu (Candidate generation) 3annshasfiansaian
ensimaianiunadnsvesasensiusnguesiduse q auruiavesnsens
(Level-wise approach) Tngduaneugiudoyansausniiiodumiesnmentsidunadndves
wnsIensTUTINgUesg 1-igasents 9ntuth 1-ens1ens Alganduneuusnlad

“Lwn318N1TWUeTU” (candidate itemset) TV 2-1wM518NT WAIBUTIUTBYADNAT LD
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AU HASNSTBUIATIINITVLIA 2-BATIBNTT INTUAUNUEATIENT 3-19ATIENT T0
ABY 9 fedinsdefuaunssitldanunsaaiaensienisutetuldfaunsvieu 3
Agrawal and Srikant (1994) YLauet uneudsiilaedn Apior Tuneudsdldianisnisadng
RN TN N UANELTR downward closure property §1M5UNNTAANBUYATIENS
Alidunadndosnanmsiiansan lnsdwsnsenisiiasaliduensenisunngues
udgiesiwnvenenionsiuarliiduenmenisiivnnguesdie anaaudftamunsn
Freannarililunissznanauazanriisanudildlunisdaivldogsdiusgdnsam
nsaniiduneuds Apiori gniiiauetuldfivanssmiddeidunouitfina1nusuusmde
Tusesen WU Park, Chen, and Yu (1995) Wanndumewds Apiori Tngldinaila hashing
13031 Direct hashing and pruning (DHP) dm¥UNsAuMILEnTIENIAUTINgUBY AT
Fnnstlannsoansinuensensudduresaensasniuarasaludinisaniaiuas
wiheArwifildlunisUszananauay Savasere, Omiecinski and Navathe (1995) léaiun
Fumeuds Partitioning dwSumsumiensiensiivangues Tneduneuisnsiinauedls
ynseudeyaangrudeyaiiios 2 afsdsdamalianianluniseuteyansuuenduiia
U3a100307n flow Lin, Lee wag Hsueh (2012) Iiiaustunetisdmsunsdunmiansionms
ﬁﬂi’mgﬂa&ﬁﬁaﬂ’j’l Single Pass Counting (SPC), Fixed Passes Combined-counting (FPC)
kag Dynamic Passes Combined-counting (DPC) Uuﬁugwumaa%umauiﬁ Apiori $9AUNS
Uszenallilasead1an19vauiuy MapReduce idsdsualiisnisfitiaueianansnldinan
TumsdunadinaiuasAunmadndionsenisldegndivssans mmuuguteyaiiivun
oy 1Judu

2) 15N UILEALAZLO19UY (Divide-and-conquer) 91AI8N1SATUGATIINT
wisdu dlunsaifigiuteyaiivunlvgszdmaliinisaiasnsonsudstudnaunnuagdl
mMseugiudeyann o seudmivAumenensfiliusniien1sivsnngues Han, Pel,
and Yin (2000) éiiaueduneuisiisendy FP-Growth iiedumiansienisiivsingueslae
fliifosadnaauenenauisiusazansiuauadalunissugiudoys Jsiunouds Fp-
Growth fn52UUNTYULUUL UL NKAZI07%UE (Divide-and-conquer) Tagazi3uan
a'mgmﬁ’fa;gawﬁm%’jqLﬁ@iﬁlﬁs’?}qL%mwmiﬁﬂﬂﬂgﬂammm 1-LHRIIBNT WA BHILIRFULYH
swmsfndnanaatuayuinnlutes ndusiugiudeyadnefadednfivieyavos
sensfidanuduiusfulilulassad1aduldifonin Frequent pattern tree 3o FP-tree

(%

dmunisrunensIen1snUsINguasluruIng1e 9 103TunauIslagAunIens1en1s9
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Usngufuiuusiaziensenisuiai 1-wesiens melulassadredulsl FP-tree udat
conditional pattern base (§1ut 8318808 93UTINBAVBIVDII8NNTAUTINGTINAUAY
srensfisdeiansanniely FP-tree (Prefix path)) MNiuEse FP-tree dmdulnsienisi
A& UEIWINIAUNLEAS BN SRULINT R BTUUL FP-tree §9na17 slosmany
muﬁ%’aléfﬁ']%gumaﬁ%ﬁqﬂa-mmﬂ%’w':;aLLazﬁwuwiaaam 9171WU Giannella, Han, Pei, Yan
and Yu (2003) lﬁﬁwm%’jumaﬁ%miﬁumL%mwmiﬁﬂifmgﬂaaslugmst’fazgamw,aﬁﬁaﬂ'jw
FP-stream neldnnsdafudeyauulassasredulsifizonin Pattem-tree 4 sldsiamnse
HoANTUNDUTE FP-growth wagldnsiasandeyanudinailagldinaila Tilted-time
Window Tagluisnsfithiauedannsodumnadnsvonsasenisfivsnguesldogie
UszAvsnmlugiuteyanuunszua sioun Grahne and Zhu (2005) Idtiiaueduneuisns
Fumiansiensivsngues Taenslénaie FP-array uazduneudsiisends FPerowth* 4

Y] v ~

Faldlaseasaensdlunisdaiudeyaiiodivaniailunisiunnasnsvesnsnenisiy

'
ada

Tnssadreduld Tneduneudsfivnauedamisadunensienisnadndldegnasamssly
g1uteyadislvunelvg) desn Xia, Zhou, Rong and Zhang (2013) I aunduneuisdms
m'iﬁumLszjmflaﬂfliﬁﬂifmgﬂaaﬁL%‘em:i'] Improved Parallel FP-Growth (IPFP) A% 99z
AIAUNINAa NSV 18N1TagldnsUSTIIaNaLUUIUIUUUL WA DS Hadoop Lag

s aueaiunsaliiianlunisAiuiui a5 nazannuIgANINT LTl UN1TTALAU

3) ANTUUUKNENHETY (Hybrid) 970380155191 R 519N 1TuUe T ukagI5ns
wskenuagtotrugdinandrsiuivagdunisnsienisiivanguosneldgrudoyails
anwuridulaseashedoyauuunuiuay (Horizontal data format) Fafidnwaedu
{tid: itemset} dle tid fo wnelaansunendu uaz itemset ﬁammaﬁwmiﬁﬂmﬂg
Tunsuusndu é’m%’ﬁ%miﬁumLszjmflamiﬁﬂifmgﬂaaLLUUmammamﬁ?uw,l,ﬂaagwm’fa%a
Wagﬂulmaaé’NLLUULLm@?ﬂ (Vertical data format) {item: tidset} \ilo item fio 578113
uay tidset Ao L?IGI‘UENWJ’]EJLa‘lﬂll'i’luLLGZIﬂ‘ffuﬁi’lﬁlﬂ’liﬁﬂﬂéﬁ@ﬂiﬁﬂgﬂﬁ&iu;ﬁ’lu%ayja Fa Zaki
(2000) thiauatunouIEmsdumIBRTIENsTvIINgUesfiFendi Eclat Adawihnissutoya
Mngudoyaudvinniswaseyalieglusuiuuiugs (Vertical data format) udaldiugu
L1IAA divide-and-conquer Tumsfunensiensiusngueslagldis intersection 1n
s usgnduvesaennsensnelilasasdulitiiondn M-tree ndnnii Zaki

(2000) LtaueTUMaUIS Eclat wadsnsaananandlmiuinausaliianluniseulIud
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< (%

diniaesismsneuntudlunsdiigiudeyaiifivunlngjazdsaalinisdafvdoya
wnglarnuLEnduveIwsazsensidniieaudrlunisdaiviuaunin Jeladivane
sATey st msiafvlasaiedeyauuuiueulildmissanudfidesas
wazanfildlunsUszananalvisiniiBeiu ey Zaki and Gouda (2003) Yiauedunon
3% dEclat 714 sU5uU5 wazsaBana NG uRauIEN1T Eclat (Zaki, 2000) InBn15TALAY
vanglawnsusentuiilivinglugiudeyavesuiazsnenisiisondn diffsets wnuiinig
fafunnonamauuenduivmnglugudeyavewusazaions teslassaddlunisdafvil
aunsafunensensivnnguesldediiussansnmiidsansaannaildlunsdaiiv
wazaaalunsAwalded1sgelugiudoyad finnumuiniu fesn Shenoy, Haritsa,
Sudarshan, Bhalotia, Bawa, and Shah (2000) Ynauetuneuds VIPER ﬁ%dﬁ’m’lié’m%yja
Mngrudoyaudihmaudasdeyalieglusuuvuudmniurmsiusadeyalaglilass
af1909-ninas (bit-vectors) 1158011 snakes 11nlaseasrsnisdafud aunsald
mhgeudlunsiafuiitesni@manounth anduduneu’® DBV-Miner digninaue
?Tué’m%’umiﬁumL%mwmﬁﬂifmgﬂaEJLLUUiﬂé’%mﬂwaiéﬂﬂiaa%fNmif{’]’mﬁm’fagaﬁL%&Jﬂ:i’]
Taurdndn-1nmes (Dynamic Bit-Vector, DBV) %a%’mﬁwﬁ’feyjahgﬂquﬁwmmaﬁmahi
Fafudv-nnmoiiduqui wuasiisvesarsdninnes lnsduneuis DBV-Miner
annsoldalunisuadiinaiuazanmisnudiildlunsiaivegeiussanam

Wudu

2.2 N1SAUNNYATIENITN UTINYUaeLazauLana (Frequent Regularity

ltemsets Mining)

miﬁ’umLezjmwmiﬁ'ﬂmﬂgu'aaLLazaﬂfﬁLama (Frequent Regular/Periodic
ltemsets Mining, FRIM) LﬂumiﬁumLezjmmmiﬁgﬂﬂ’wmmmﬂmiﬁummmwmiﬁ
UifmgﬂaaImmzﬁmiﬁmim'}é’ﬂwmw%wqamimmiﬂifmgmaaL%Gﬁ'}&ﬂ'}ﬂug'}u%m@ﬁ
e?fwzﬁumL%mwm'ﬁﬁﬂifmgﬁuﬂaaLLazaﬁWLauaM%‘anmgM@ﬂ 7 gasaatugiudoya
anela{l i ud imunardaudsativayu (support threshold) wazArdnuysnuasiiase
(regularity threshold) @h%mLLﬂqumaﬁ']LamaawmiaLLamﬁﬁzazmw%ﬂmL’Jmmﬂﬁqmﬁ
wns1n15UsINg/liusing miﬁumL%mwmiﬁﬂifmgﬂaaLLazaﬁ'}Lamaﬁgugﬂﬁ%auaIm
Tanbeer, Ahmed, Jeong, and Lee (2009) @ sla5uanuaulonazidudideusgrsunnlunis

AuMANUdTTuSYastayadwalivatsidetinsAunwnsiensana Ui fadl
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Amphawan, Lenca, and Surarerks (2009) 41.au835n015AUNLEATIEATNUTINUDEAY

Y ° Qq'

aliaueangwdoyalaeidliardesssysnnumnnensiivnnguesuazasianesmiy
Adauvsmnuainauelaglifestmunrdauisatiuayu uazlud a.a. 2012 Amphawan,
Lenca, and Surarerks (2012) lafin139auiian150ena1inien1sdusanunaaansuksndu
(tid-sets) e?fqﬁgaaaﬁﬁﬂ'ﬁﬁﬂ'ﬁé’mg'm’fa%aLﬁmﬂ%’jq WeauagldI5n1s best-first search Tu
AsAUMIERTEN13T L unadNEsTanua sieun Tanbeer, Anmed, and Jeong (2010b) ¢
thiauensfuensensiivsnguesiazasitauslugiudeyanseua (data streams) lng
1938 pattern-growth MmiﬁumLezjmwmiﬁLﬂumaé’wéuazé’]’mLﬁuﬁa%a‘l,uimaa%fwéfulﬁﬁ
138n71 “single-pass” Tul A.A. 2010 Tanbeer, Ahmed, and Jeong (2010a) delaldlaseasng
#lifuagds pattern-growth dvsuAumwasIensivngUestazainauslugiudoya
NN TUTLALT Y (incremental transactional databases) IngazimuniiiaaAdnunys
auasLaNe §au Rashid, Karim, Jeong, and Choi (2012) diauanishumniensienisi
Usingueskarainiaue lngn15iatiswesnuaiianenAuLUIUTILTENINNT9a7
n15UsINUaRnII8nN1swazlgIZn s pattern-growth dmsunisAuniensiensidy
uadns 91014 Kumar and Kumari (2012) Ifiiausismsdmsuduniensienisiivsng
Uasuarasnavelugiutoyanszua lnggiudoyaildidugiudoyauuadts (Vertical
database) wazldinadia sliding window %daﬁﬂﬁiﬁ%@mauﬂ’a downward closure property
ogafivszavsnmidesndnuauzninisturessasensesdimsdisulamnns
gNAng1UTBYA

MIAUMERTIENSIUTINgUesLazatLaLefife Tanbeer et al. (2009) T#Ten
warlvisnsfnauuanssaseluil

Swualt I = {iy, iy, ., iy} 4l n > 1 Juwnvesiiamsessnes lnedonus
Ay i; € 197 “s190157 @0 X = {ig, ..., i} © ] ADLEAVDITIUANT (§J°ULL°UW'%‘@ kL@
$18m15 1o X Taundn k swnsiuandnadin) Futayansuuendu (transaction database)
TDB = {ty, ty, ..., tn} {ULBATEMIIULENTY AT ausiaznI LT ¢; € TDB V55
ae 2 Toyade j iunmnemunsuwendu (tid) wastgnsenis Y andeyalunsiuuendu
t; Wns1ens X € ¥ awnsaasuieladnensients X ysinglunsmuendu ¢; vse nsu
wendu t; fansenis X ussgey AdudevinsfiTsannisusingd uvensnenis X
wils q agvilvmsuiaen TY = (¢X, .., 6} Sefewnvesmneiammsunenduilonsienis

X Ysnget doj ke[l,m]@j<kld
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gl 2.3 (A1ANUANLENVRAYINTIVNTT X NUTINGlunTuendu) A1py

AULAN0URNYAIIENTT X NUIINYIUNTUENTU AT NTENINNTIURINTUN YA
579715 X Usngiu Amualinsuwsndu ¢, iWunsiuuenduifiwnsienis X Usingey fn

=

) ANU15aMuILe 3 NSRS

—~

ANUALNANDVRUTATIENT X NUTINGLUNTILENTY £ il
1) 01 &, ABNIIULENTUNATIBNT X UTINHTY 34

Re

Iugmi’fa%ammmﬂ%’uﬂm
LINATAINUALWEND rt’,‘{ AWMU k A9aun1SN 2.1

rt’,i =k (2.1)

(Manewn A1 wanafeszavvinesendnamauuendunsn (Sudualg 0) auds

NIUNGU k Mansiants X Usingiuduasausn)

2) 01 ¢ AeNTIULENTUNUTINYTUNGRINNIWUENTU t; Tansuuandu t, uay

t; Hansems X Usinguuvisd daduen rX awnsoduanld dsaunisi 2.2

i =k—j (2.2)
(Manewn A1 s wansasvegsiesenhmsuendu ¢; uasvsuwendu t, R

578015 X Usngiusetilesniu)
3) 61 t;, Asvsruwenduiiensients X Usingiulugiudeyansiuuenduduasds

gaving fatiuen e ANUN50AUIULS F9ANNIST 2.3

rt’,‘{ =m-—k (2.3)

\ils m AeduInvemTuendunmualuguteya
(a8 A X LansfesyesiesEwImsuLen t, Mlens1enns X Usingiiu

UAMIURENTUgAIMEYRIgIUTRYR)

Tyl 2.4 (A1ANNELNENDVBUIATIBATT X) ANANANLANDYDIIATIENST
X A93veenuInNansenitansuuenduniegnsients X ysingivegadeenilensaly

udeyansiuuendu TDB anunsadialdanunsadualalngaunisi 2.4
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X — X ..X X . X
r* = max {rj,rtk, ...,rtl,rtl} (2.4)

e j, k, 1 € [1,m] emwaisu

(e Aamainaue rf InnsAnnamslunsdi 2 uay 3)

Heui 2.5 (A1ATUaYUVBUYATIENIT X) ANFUUAYUVBUTATIENNT X AD
JuumTuLEnduliensens X Usnglugiuteyagiuuendu TDB annsadeuszyla

Ju s¥ wavdnalalae s¥ = |TX|

deuil 2.6 (LsumflEm'ﬁﬁﬂi'mgﬂaau,azaﬁ'lLaua) wng1en1s X asgnszyindu
WwRsensTiUsngUesiazasiaeiselile 1) matuayureaeniens X fldminnimie
WA UANY ALY AT UaY Y (minimum support threshold, ay) (s¥ = a,) wag 2) Ay
alnanevenanitenis X dadeenimisminduadanusanuasiane (maximum

regularity threshold, o,) (¥ < o) lnefAAlnudansaesazgnimunaNgLy

A998 2.2 Mvualigiudeyausenaume 10 nsuwendundsiens a,b,c, d, e

WAy f UITI0LMINING 2-2

Y

tid item
1 |a,c,d, e
a,d, e, f

a, c, e

c,d, e

a, c, e, f
b, f

b, c,d, e
b, c,d, e
a, b, c,d
a, b, e f

© |0 [N | |o e |w [

—
o

A 2-2 grudeyansiunendy

ngudoyansuenduiinanslunmi 2-2 fvualiadawdanuainaue.du

4 (0,=4) uazaTauuativayuduandu 3 (o,=3) mudau wasiens de Ysingiuluige
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yosmeaunsenduss T9€= (1,2,4,7,8) Feraruadiauevenansienis de au1se
Aualalay ree = max {rf rfe rde rd ,rge}Imm rie=1, rfe=1(2-1), rfe=2
(4-2), re=3 (7-4), r¥¢=1 (8-7) uaz rd¢=2 (10-8) fethy r€=3 (max {1, 1, 2, 3, 1, 2}) udn
AEtualUYeLYRIIENIg s% llﬂ’lL‘Uu 5 Faruandldann sde=|Tde|

Fafuensenis de Fuduwnsienisiusnguosuazaiiae esanian
semsfananiidnnuaiauedesnitdrdatsnnuaiiane (3 < o)) uagAatuayy

WML UsEiuay (5 = )

2.3 MsAuneasien1siusnguasatelanisnivuadiimdnaugAyvas

WAaLII18N13 (Weighted frequent itemsets/pattern mining)
m'iﬁumLszjmwmiﬁﬂifmgﬂaameﬂéfﬂ'ﬁﬁmum@i’n}mﬁﬂmméﬁmmmLwiaz
3181015 (Weighted-Frequent Itemsets Mining, WFIM) Junisdumignsenisfivauise
aammmﬂmié’umLezjmqem’ﬁﬁﬂifmgﬂaa (Frequent Iternsets Mining, FIM) 71§ 93gfiumn
wnsensTiusIngiules 4 wied o lugudeya TneuAnfiug uweImsumansensi
Usinguesasfmunanudfgveuiazsenisyiniudsessdiliifomeuaylianunsn
azvisulatsdnvagvIonginssun1susngueaensienistannudys degrady Tugsiam
Uanudoreassndudn AudueaueuuarliifsuadlunsdetesadiniAudoundeuasu
wiluudyuesyarmsnismaanienariilsildannisvedudiassiy Fudusauouuay
Inifigadnnindudauatiuasun fafuannsddanaauandiiuinmuddyvie
anuhaulafiunnsstussninnguuesdudwiaes iteudlodgmnil (Cai et al, 1998) 14
thiaueisnsmsdumngenuduiusmeldnstmuasimdn auddyueautazenis
Tngazfmunatminfunnsiuliuiazss @iwinssynieusdamnuddyvionny
haulavessenistdu 1w lumsgsRaduananuddyrioanunaulaenaaziansds
sad nartls Anudes) udadinsssyaiminaduayu (atuayuuiuaedei
YDILHHTIUNIT) ifmﬁqﬁmum@h%mﬂm}mﬁﬂaﬁuauu (weighted support threshold) e
Dunaslunsiumaasienissina wazlidunewds Aprior Tunisunmiensionisiiiu
uadws uiilesanusasmensiendmiinliuifudmalillanmsoldanau® downward
closure property lun1sasveunisinsanansenisilidunadnslazelsinauevouiun
Athmiinandtgadiiululdves k-wnsiens dent k-aduayu Tnefiendmidnatiuayy

[

YBAAETIENITANTUIUIUIA Kk ABIAIINNTIMTRNAUAT k-atfuauu udisnsiil
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nsasesensudsiuiiliiduensenisiiunadnsuiniAuly Tao, Murtagh and Farid
(2003) Felauszenaldnuaut® downward closure property Tunsuszanaaiinidn
atuayuresusazsenslaeldratuayuimiusdminveusasens doun Yun and
Leggett, (2005) thiausismsdaiiuteyalulassaiediuliiiiFondn Fr-tree undausnly
FumeuAtdmsunmstumensenisiiunnguesmeldnstiussmiminanudfoueus
avsensfenseuguteyaaenta dnsldanimdndusidmtududdminlasnisdu
aminliiusenmsmelugassdminiidmualy Fafimsdnifudeyanielu FP-Tree lag
finsiseedsumuaiminanuddymelulassadreiuldunnlumdossiufuiiansan
@mamﬂ’a downward closure property fieannsiinnsanensenisiliisanaailunis
Funas Vo and Coenen (2013) Widustumerisdmsufumiansonsivsinguesaneld
AsfvunA T nauddy e azsenisiagldlasadeiuld A5 endn WIF-tree
(Weighted Itemset Tidset tree) saufiunsdaiununeamsiuwsnduiuu Diffset Tunane
1 snAselddnshnmsdunisenenisiivnnguesnieldnistmuasitdminanudidy
yosusazsensluiandesenluliyudy q wWu msrummuduiusvesteyalnglidons

N15ANNUAAILUINTNA9UL T (Weighted association rules without preassigned weights)

o¥

Ly

(Sun & Bai, 2008) M3 LEATIBNSTTNISAMUAAIIMTNANNEFTeILAaY 18NS
pg1adugdu Weight sequential pattern (Lan, Hong, & lee, 2014) (Yun & Leggett, 2006)
WAy Bu 9

m'iﬁumLszjmmmiﬁﬂifmgﬂaameﬁ,éfﬂ'ﬁﬁmum@iﬁmﬁnmméﬁmmaqLwiaz
sensiideuuazistannuLanselui

fualii I = {iy, iy, .., i} \u@nvessens (tems) loefiusazsenis i, €1
fifmn Wi, ﬁu’q6??5@mmﬁwﬁ’zg/mmmau%mm'iwmiﬂj’ju 9 (ha17Ae d1usuLen
I ={iy, iy, .., iy} eillgmAtimin W = (W, Wy, ..., Wy} filSURAE W, € W uanafian
ﬁwwﬁ’amméﬁm%awwm% i €D X = {iy, ..., i} dle 1< p<q<n ABURTOS
578113 (FULUUYTR k-Llwns18n1s 61 X Usenauldeie k 518M157uanaeTuy “ab” fie
2-L99518M15 WA “abc” A 3-Lwn318N13) FIutedansuuendy TDB = {ty, ty, ..., ty}
\Dulsmvemsunendu 19 sudazninuuentu ¢; € TDB us39lUdie 2 Teyade j 1Ty
NUGLAYNIT LYY (tid) Wazlens1en1s Y 31ndeyalunsiuuwendu ¢ auensienis
X € Y annseesuigladnensignts X Usinglunsiuusndu ¢; vie nsuwendu ¢; din

518015 X U3539¢ Aiuileviin1siiansannsunngiuveasnsionis X vila q agviilv

Y
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nswdaen TX = {¢F, .., tF} Fenswnvemunsaunsuuenduiiiwnsenis X Usinges

doj kel,m] @<kl

TY1U7 2.7 (@119 NVBILBAII8N15 X) AU UL NUBILIRII8AIT X =
{ip, ., ig} S 180 A miniefgvessemammuanisluensents X arunsadiuinld

Tagaunis 2.5

> wiv
X p=1
wh = —F—— (2.5)
| X1
Heu 2.8 (A1ATUAYUVBUYATIENIT X) ANFUUAYUVBUTATIENTT X AD
uumTuLEnduliensens X ysnglugruteyagiuuendu TDB annsadeuszyla

Ju s¥ wavawnalalae s¥ = |TX|

Heud 2.9 A minaduayuveuensenis X) Ardmtdnatuayuvausn
518015 X (ws¥) Aenadnsnlaannisaaseniteandimvdn (wX) uazeratuayu (s¥) ves

WASIENTT X F9E1U1SAIUILARINALNIST 2.6
ws¥ = sX x wX (2.6)

fewdl 2.10 (wamensivnngussmeldnmsimuadituiinanud Ay vas
WAALI18A15) LBAT18N13 X axgnszynduensnonisiivanguesatsldnnsiivuae
ininenuddyesusiarems Adaideniminatuayuvenensionis X faunni
w%’am"]ﬁ’m"]%LLU'mfmﬂ’ﬂaﬁ’Uﬁquﬁ' W b A1vun (weighted-support threshold, ay,s)

(ws* = a,,)

o [ o

dmTUN13anTIUIUNITHIITUIMINAG NV UYNTIENTNUTINGUBENEldNT

AnuAAIUIMTINANUEIALYBIAaEI18N1S (prune search space) Wulilanunsaldnaauds

1 A

downward closure (nan3fie densenisifiarsanliiluensenisusnguesuaigiles

(%
v

waveswnen1siuszliidueasionisiusngueseis) Il esanusazsienisiia

Undnladivindu 019y 578015 a dadmidn 0.6 wazllenaduauu 5 €3us18n13 d dan
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i 0.35 Sanatvayudu 4 was1en1s ad deraduayu 4 9naunsi 2.5 A
Y0R8 ad Ao (0.6+0.35)/2=0.475 karanaunIs 2.6 A minatiuayuvoses
5789115 ad A9 1.9 (0.475x4) é’m%’uﬁwﬁmﬁ’ﬂaﬁ’uaummL%mwmi a +Ju 3.0 (0.6x5)
war d D 1.4 0.35x4) il musddauisiniinatuayudu 1.5 wdmwaliaonmonis
d Liduensonisiivnnglesaeldmsimunentmiinauddyvesusazsnonisusion
518013 ad Hunadwsveaemsenmafindm fatu Tao et al. (2003) (Tao et al,, 2003) uag
Yun and Leggett (2005) (Yun & Leggett, 2005) ﬁdﬂizqﬂm“i’fﬂmamﬂﬁ downward closure
TnensUssnuanimiinaiuayuretusiasenssnsananiminfungafifond Global
maximum weight (GMAXW) %3 a1 miinil u1naavesiensnenisf fia1ma Local
maximum weight (LMAXW)

Hgun 2.11 (Andwdnfsnnign) Aimtniuinas (Global maximum weight,
GMAXW) Reantmtinfiungavesnsiensiiiuaun@nues I awnsadialdainaunis
2.7

GMAXW = max{w;, w,, ..., w,} (2.7)

Heud 2.12 (AN NINgAvaRwns18n1s X) A1 muniuIngaeen
518115 X (Local maximum weight, LMAXW) Ao A28 gNa3INv09AU I NY099N
518015 §; € X SAUANIMINANINGA109518015 §; € X (Muneing 5190157 Wilaidu

annTnues X awnsalewlodu Y =1 - X 89Y = (i, iy, ..., i,,} feuu anmidnfiuinga

Al

voesren1snliiluaindnues X awnsamwinlalay max{w; , wi, ..., w; }) 183@m150

(%

Aulallanadl

Yi.exw+max (wir,wis, . wiu}

LMAXWX = - (2.8)

| X|+1

Heun 2.13 (nMsUssauAIMInadUaYUYaIs18n1s §; € 1) dmTUnIs

Uszanaanhminatuayu (overestimated-weight-frequency, ows) 98451815 §; € I 1y
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aunsaUszanAlaanUssenaldaumtniiuinan (GMAXW) siufueatiuanyuvoden

518015 §; Faezwansieantvtinatdvayuiunganilululdvessienis i; Aaunisn 2.9
ows' = GMAXW X s'i (2.9)

(Muneme 1T 2.10 6161 owsY ¥89318015 §; € I TenpeninAndauus
wmtnatuayu (ows’ < a,,5) szaunsaazulaingmenis i; Wduwesensivsingues
melansimuediminanudAgvessazsens dwalvglivasianves i; axlign

fansanluee)

ol 2.14 (MUszauAuinaduayureusasens ¥ = X Ui € 1)
ei"m%’umiﬂizmmmﬂfmﬁ’ﬂaﬁ’uaw (overestimated-weight-frequency, ows) UD9LY#
$M3 ¥ = X U §; € I Suanunsatszanaaildanussgndldadmidniiuinanvosen
518113 X (LMAXW) Srafuaaduayuvenensionts X desuansieaimidnaduayud

unaefiiululsveasnsionts ¥ faaunisi 2.10
owsY = LMAXWX x s¥ (2.10)

(Munewme 91nTe1UN 2.10 a1en owsY YawInTIeNs Y dateeninmdnwus
nidnaduayu (ows” < a,,,) szansaasuladnensianis ¥ ldiduweesenisiusng
Yasnelanisimuaadmtdnanuddguetwiasients dwaliguilesianves Y aglign

fansanlusie)

A18819 2.3 MvualigIudoyausenaunly 6 NI1ULINTUNINmLA 8 318013

wazANUINNUTNIAMNEIRY/ANLUNEUlAT0ILAAETIINTARUALRRINING 2-3



21

item|weight
a 0.6
tid item b 0.5
1 la,c,d, g h c 0.2
2 |a, e, f d 0.35
3 |b,e f, g h e 0.5
4 |a, b, c,d f 0.3
5 |a, b, d, h g 0.4
6 |a, b, d,e h 0.38
gudayansuuendy aaaiwmiin

A 2-3 Jrudeyansiunendunazmsnanivinveusagenis

Mngudeyalunind 2-3 AnmTnTenERTIEnT a uay d Wiy wad= 0.475
((0.6+0.35)/2) muaunsfl 2.5 udraduayuvessnsons s 18y 4 1lesaniwnsionis
aananunnglugiudeya 4 At ﬁwﬁwwﬁ’naﬁuawmmLszjmwmi ws% Faaniiu 1.9
(0.475x4) srwaunsii 2.6 Sgldtmusliadausihminaiivayudu 1.5 fdulananan
agulduanents ad uensensiivamnguesnglinstmuastminanudifyues
WAREIIENNT

91nf19819819f U183 @ el we=0.6 Aatuayu s3=5 Admin
advayudu wsa=3.0 (0.6x5) daus1en1s d Sanimin wi=035 Araduayu st=a i
iinauaymdu ws?=1.4 (0.35x4) anArdauisimiinaduayudtsiusienis d azld
Ddunadwsvesnisrunisnsenisuazazlifinsanennensiiiasmiunenisdangn
AuAnadR downward closure uilans1en15 ad \JunadwsiilefiazAunansionis
e 9 JltinsUssnasdminatuayuiidululfannanimiinfunaslugudoye
fau owsd= 2.4 (0.6x4) MnmsUszanasdinaagilfamsaduisaenis ad

lounsians d azlddunadwdvasnisfumiensenisanadiminatuayuiuiase

2.4 adneauzvasgrudayanldnasaulunuideninetnusiinaue

¥ =

rudeyanlddmiunegeulszdnsnmuestunsuisninausluine inusilidy
grudeyanmsgrunieuldlunismaaeusesdninmuestuneauisnisaumnganudunug
FeuszneulUmegiudeya 2 Ussianlaun 1) grudeyariiludeyasss (Accidents Chess

Connect Kosarak Mushroom Pumsb Pumsb* wag Retail) 2) g’m‘i’fayjaﬁﬁ’fayjagﬂﬁdmiwﬁ



22

Jugadnriuazineunsiag IBM Almaden? (T1014D100K uag T40110D100K) laggiuteya
Vauaausaniivanldaniuled fimi® Sanudnvarvesgudeyailinagouluuide

[
=

fAvendinusdinaueannsouansseazdonld Kns1eil 2-1 dnsuaimindsusdfe
Anuddgy/anuhaulavesdeyaluidazgiudeyalasuainnisduiuunaniasund (Normal
Distribution) Iaefid1suesnisguegd 0.1-0.9 FasdunsmusAdeneunti (Tao, 2003)
(Wang et al., 2004) (Yun & Leggett, 2005) (Vo & Coenen, 2013)

s o

M3NN 2.1 Audnvazvesguteyanlimageuluriideninednusidiaue

PTG 11U JIuns LNt | NNt | dnvale
318119 La?{a ﬁgwm Gi’fa;ga

Accidents 468 33.8 340,138 VUMY
Chess 75 37 3,196 VU
Connect 129 43 67,557 VU
Mushroom 119 23 8,124 WY
Pumsb 7,117 74 49,046 VU
Pumsb* 7,117 50 49,046 VU
Kosarak 41,270 8.1 990,002 ATRITRE
Retail 16,470 10.3 88,126 IR
T1014D100k 1,000 10 100,000 ATRITR
T40110D100K | 1,000 40 100,000 ATRITRE

NM5197 2.1 uansliiuisnudnvuzvesgiudeyafi agldlunismaasy
UszAvsnmvestuneuisiiiausluineniinus fusuandifiuisuouvessonis s
Al sremIuLendy kg duiounluuiazgiuteya uenani
5197 2.1 fauandlifiufsdnvazvesteyansluudazgudoyainddnuusvuuuvio

LWUNUNNBNAY

2 http://www.almaden.ibm.com/cs/quest/syndata.html

> http:/fimi.cs.helsink.fi/data/
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g1udeya Accidents Aogrudeyafisiusudeyansiing iAmglunisasiasmisun
USinuay Flanders (fufinsnounilovesssmauaien) luted ad. 1991-2000 d9
Faufulnean1tuanfurevd (National Institute of Statistics, NIS) Iaei 51815 (item)
dauunds 83.97% S91urundavesnisusing (support) lugudeyasgluya 0-10% veq
naungntuitanuanielugiudeys (grudeya Accidents fs1urunsiuuenduisnun
340,183 é’f&ﬁgu 0-10% v04 340,183 VAU 0-34018) LALIIUNITAIULINDY 58.97% LAY
atiauelunsusng (regularity) Adasingriniuegseiiadlutag 1-109% (anuasiase
19 1-10% Aeusngeetosnimsunsnduvinsiusgludisiiliiiu 34,018) uansisnimi
2-0 wpgamimiinvesgiudioya Accidents wanafan i 2-5 Fesrenisauania 46.59% 4
Gzi'mf'mﬁﬂagiﬁ 0.4-0.6

Accidents

100 -

83.97%

750

5.77%

3.42%

1.28% % 07% 1.28% 07%

1L 0.43% ° 0.64% 1.07% | 1.07% ‘ o 1.07%

0 10 20 30 40 50 60 70 80 90 100
Support (%)

Number of items (%)

75

58.97%

6.41% N
. s34% STT%
5k 4.49% 4.49% 4.70%

3.21%

4.27%

2.35%

1 10 20 30 40 50 60 70 80 90 100
Gap of regularity (%)

A9 2-4 nsmuansduasiuazanuaiaslun1susnguesnensanglugudeya

Accidents



w
b3

Accidents

= o » w
b 2 P 3
T T T

Number of items (%)

=
T

8.97%

17.09%

24.15%
22.44%

2
T

15.38%

9.19%

2.14%

0.3

0.4 0.5 0.6

Weight

0.7

A 2-5 AsvluansAndmtinvesguteya Accidents

0.8

0.9
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§1uU8Ya Chess uag Connect gn5IUTILAY UCI Machine Leamning Repository*

Fawsaznauwsnduladaiuisnsnumunnlussninanisuiadu Inefsensnielugiudeya

Chess #31iuasavesnsusnglugiudeyanlndifssiuluyn 9 93¢ uagsienisdmuinis

64 % dn15Usngedadianeayluyie 1-10 % vewmsuwendunmuaniglugiuteya

(g1udeoya Chess ATuunTULenYuUNmUA 3,196 AualLaNs 1-10% ApUIINGLIN

ﬁaemﬁammmm%’umaﬁ’uagﬂmmﬁhiLﬁu 319) WAAIAIAINA 2-6 A5 UAIUINTNVD

§1utaya Chess #45180158ULN 30.67% HYrnimiineg 0.5-0.6 uansfisnIni 2-7

a
http://www.ics.uci.edu/ mlearn/MLRepository.html
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Chess

100

80

60

40

20 18.67% 17.33%

13.33% 13.33%

0 10 20 30 40 60 70 80 90 100

50
Support (%)

Number of items (%)

o
1.33% 207% 1.33%

40 50 60 70 80 90 100
Gap of regularity (%)

AN 2-6 nsmuaniduasuazanuaiEslun sUTInguesniensangluguleya
Chess

Chess

w
b3

30.67%

w
2

N N
2 o

Number of items (%)
=
o

10+

0.5 0.6
Weight

AN 2-7 nsmanmiminvesguteya Chess

§1uveya Connect $18A1TAIUNING S 43.41% TT1u3uATIvBIN15UIINg LY

$UBYARYNYI 0-10 % Vo wuwsnFunmuanglugiudeya (gruteya Connect i

9
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SN TUT IR 67,557 ety 0-10% 189 67,557 Wiy 0-6,756) wazsen1sT
wdeiisuuaddumsislusdazdranndesesieiiosiu uismensdunis 75.97%
Usngegnainauslutig 1-10% Guawri'mLLszmsffuﬁgwmiugmi’fa;ga (AuEsLaNe 1-10%
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enTdnUTINgUeiueg e Laualutig 1-10% maqgwuﬁagaﬁwm (g1udoya
Mushroom f$1uaun s uLendusiavan 8,124 arwainiaue 1-10% Aeusingedisdes
nilsnuusnduinadueglutisiilaitiu 812) uagsennsdruanniia 52.94% fiduaundsly
n1susIngelugiudeyasgluyae 0-10% vesgruteyansiuwsndy (0-10% v 8,124
Wity 0-812) uanasasnmil 2-10 uaznIwd 2-11 LLam@hﬁmﬁfﬂﬂJaqgmﬁ’fa;ﬂa Mushroom i
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grudoya Pumsb uazgiudeya Pumsb* iuguteyadsafudeyaduzly
Usz1ns 395180158184 93.61% lugrudoya Pumsb uazs1ens 94.73% lugnuteya
Pumsb* ﬁaﬁ’mauﬂ%’jﬂuﬂ'ﬁﬂﬂﬂgagj‘l,mm 0-10% maqgwuﬁagaﬁwm (g1udoya Pumsb
waggIudaya Pumsb* fuaumsuuenduianun 49,046 difu 0-10% ves 49,046 winity
0-4,905) wags18n15d1uNINUTEUI0 40% Guaagﬁuﬁa%aﬁgﬂaawifmgﬁwﬁuaehaaﬁ'n,ama
Tutaa 1-10% vesgrudoyaiamn (Awuaiiaue 1-10% Aeusingesliosvilmsuusn
Fusineuoglutsilaii 4,905) wansfannd 2-12 uag 2-14 uagn il 2-13 uag 2-15
LLamﬂ"nf'mﬂ’ﬂmaagwm’fayja Pumsb wag Pumsb* @ sArumindaulugvessionislu

Frudayansaestiuiivisimineg 0-4-0.6
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nluivlwdvnesuladves

Uszinagani3 lnenmensiaualugiudeyaiidiuiuasslunisusingeglugie 0-10% veq

Futayanianun (1udeya Kosarak Hmiunsuuenduiianan 990,002 fatiu 0-10% V3

990,002 Li1ffu 0-99,000) wagTIEN1TAMLNTS 25.32% Usingvnadueeisasinanelumag

1-10% vesgudeyanavua (ANUalaNe 1-10% AsUsingedrsieeniansiuuwenduiig

Auagluyieildiiu 99,000) dusien1siimdeusingvisiueg wadauelunny1aves

Frutayaninimi 2-16 Amtinvesguteya Kosarak anefenIni 2-17 Fapnhmviingdu

Ingjressienisluguteya Kosarak duilvasimiinesi 0-4-0.6
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Kosarak
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mstoAudnglunsznindud Gerenisdndnglugudoyata 99.79% fduauadiluns
Usangeylutiag 0-10% vesgrudeyariavan (s1udoxa Retail H51urunsruwsnduiionun
88,126 1111 0-10% v84d 88,126 LU 0-8,813) LLa33'1&1miﬁgwmﬁgwumma’[,ugflu%’a;ga
Usngeduegsasiiauelunngiavesgiuteyadenind 2-18 uaznmil 2-19 uansan
imiinueagiudeya Retail sArunmindulugvessienislugiudoya Retail Huiidas
thwiinegil 0-4-0.6
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F1urundevosnisusinglugtudoyasylutag 0-10% veansuwenduionun (gruteya
T1014D100 waz TA0ILOD100K §F1urunstuuenduanun 100,000 F3iiu 0-10% vos
100,000 17U 0-10,000) wazanuaauelun1susIngvessenisdulvgie 96.32% lu
g1udeya T1014D100 wag 99.26% Tugudeya T40110D100K aglugae 1-10% YeamnIuuen
Futomurluguteya (Auasiane 1-10% Aeusingessiesnimauuenduinatuey
Tud 297 Ly 10,000) wansfsn il 2-20 uay 2-22 dvfuardmdnvesgiudoya
T1014D100 uag TA0IL0D100K wanadsnIndl 2-21 uag 2-22 e?fqmﬂffmﬁﬂdauiwwjmaﬁwm'ﬁ

luguteyariaesiuiiginimiinesi 0-4-0.6
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nsAUMIEAI1EN1sNUTINgUaekazadananiglinisituad

UMINANUFIAYVBIARLIIUNIT

[

sfumEnTensTivsIngUeskazaiiasemeldnistnuasimnanuddy
YDIUM AL I18n15 (Mining weighted-frequent-regular itemsets from transactional
database, WFRIM) 1 utl ymmsfumiensienisiitraulaningiudoya @azdunien
semsfiddnuvaznisusnglugiudeyatessuazasiavelasfiudazsiensianudidny/
mnuadlafiuandneiu MsfumeRensiinagniauIINa NS AU AT IEN5T
Usnguesiazauiane (Tanbeer, et al, 2009) uaglwnsen1sivingUesaslinig
ﬁmum@iﬁmﬁﬂmméﬁmmLwiaziwmi (Cai et al,, 1998) (Ahmed et al, 2012) sty
Tuunilasnaniideuuazvouiavesdym s uneudsdmiunsfunansensd
Usnguesuazasianeneldnistmuasniminanuddyrensassenisiddesend
Weighted-Frequent-Regular Itemsets Miner (WFRIM) Tnauuseaniduaiumig o Fereluil

1. fenazveunvesdynivesnsfunieniensivinguosuazasiiae
mefléfmiﬁmummﬁmﬂﬂmméﬁmmmLwiazi’lami

2. FsdwmumsAunensensivnnguesuazaiiauenelinisiuned
dmiharuddyveusaysiens

3. fog 1@ mIVIE MR un e e Usnguosuagaiianenielinig
fsuarmiinANudFue Az NS

o

4. NNFIATIENANUTULDUVDITUNDUTD

3.1 NMsAUNIEATIENTN UsInuasuazadlauaniglanisnivuad1uviln
ﬂmué”lﬁ’ﬁuﬂaul&iazﬁ'\an'\i (Mining weighted-frequent-regular itemsets

mining)
Mdauﬁf%ﬂénﬁqﬁmmLLazﬁﬁflﬁ’mm’]maaLeamwmiﬁﬂi’mgﬂamazaﬁ%ama

(Tanbeer et al., 2009) LLazL%mwmiﬁﬂmﬂgﬂaEJmefléfﬂwiﬁmummﬁmﬁﬂmméﬁmaq

WAAEIIUNIT (Ahmed et al,, 2012) mﬂﬁgu%ﬂd’nﬁqﬂmmuawauLﬁumamﬁqﬁamuazﬁ’]

IfinaNuaLEnIeNIsNUIINgURskaalitauangldnsimuarIninaud Ay ved

WHAZS18NS hanIRIma LUl
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fualii I = {iy, iy, .., i} \Ou@nvessens (tems) loefiusazsenis i, €1
ff1mn Wi, ﬁu’q6??5@mmﬁwﬁ’ig/mmmau%mm'iwﬂ'mjju 9 (ha17Ae d1usuLen
I ={iy, iy, .., iy} efllgmAntimdn W = (W, Wy, ..., Wy} fil9URAE W, € W uanafian
ﬂfwwﬁﬂﬂawméwﬁ@maaiwaﬂﬁi €D wn X = {iy, ..., ig} dlo 1< p<q<n ABERTDY
519715 (ULUUMTB k-wn31en1s &1 X Uszneuluse k siemisfiuandnediy) grudeya
NINULGNTY TDB = {t1, ty, ., ty} +TULAVEINTIURINTY 71§ Ui Az VT 1URYN T
t; € TDB u333lUsae 2 doyafie j iluvuneawnsuwendu (tid) waziwnsienis ¥ 210
Foyalunsuuwendyu ¢ anenI1en1s X € ¥ aruisaesuieladnensenis X ysinglu
nsuuendu t; n3e NIUWeNYY t; Jlwnsenis X ussqey Feduidovnisfinnsannis
ﬂi']ﬂgéﬁwaammwmi X wile q agvildinsudaen TX = (¢, .., X} Fefnignvos

MBAINTULINTUTENTI8NT X Usnged 1o j,k € [1,m] B4 j < k o

3.1.1 AAMuaNlENaYBIEATIENITLALIEATIENSTIUTINUssuazaiaue
dgnuil 3.1 (ArAussianevauensens X Ausnglunsiuuendu) A
anualALeYeNRTIEN1s X AuTnglunsuiendu fAosvazvineseninmsuienduiiee
518013 X Usngiu ssuslinsuuendy &, Dunsmuuenduiifiensenis X Us1ngey AN
AwaaNeveuATIENs X AUsnglunsuusndu ¢, (r) anunsaduanle 3 nadided
1) 81 £, Aonsuusnduiiensienis X Uiﬁﬂgéﬁu‘tugmi’fagawimLLezm%’uLi‘;Ju

ASILINAIAINUALWEND rt’,‘{ AWMU k A9aun1SN 3.1
rt’,i =k (3.1)

(Munewmg A1 X uansfeszegvinesenitmaulendunsn (Fudurig 0)
uiinguuendu k Mansienis X Ysingiuduasausn)

2) 01ty AENIMUYNTUNUTINYTUNFIRINNI LYY ¢; Fansruuandu ¢,

(% (%
g [

uae t; Slwmsienis X UsingTuvieg detiudn X anunsaduale deaunisi 3.2

i =k—j (3.2)
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(vanewn A 1 uansieszesvessrimsuuendu ¢ wasnsuuendu ¢, 9
WwRT1EN1T X Usinglusiestiesiv)
3) 61 ¢, Aevsruwendunensenis X Usinglulugiuteyansiuusnduiu

ATIEATINY Aetiudn 1k amnsadwialld dsaunsi 3.3
i =m—k (3.3)

\ls m AeduInvemTuendunmualuguteya
(e A X Lansiesyesieseninmsulen t, Mlensiens X Jsing

[

Fuautansuusnduaanievesguteys)

Hg1ufl 3.2 (A1ANMNENUHNBVBUIATIINT X) AIAIUAL ANV ILTA
599M15 X Aesrueinainignsenitmsuuwenduiiiwnsients X Usingiuegreleenilaas

luguteya nsuusndu TDB awnsadwindlalagaunisi 3.4

X — X ..X X . X
r* = max {rj,rtk, ...,rtl,rtl} (3.4)
e j, k, 1 € [1,m] mwaisu

(e Aamainaue rf InnsAnnamslunsdi 2 uay 3)

Heruh 3.3 (A1EUTUAYUVBUBATIBATT X) ANETUAYUYDUIATIENIT X AB
uumTuLEnduiensens X Usnglugiuteyagiuuendu TDB anunsadeuszyla

Ju s¥ wavanalalae s¥ = |TX]

il 3.4 (@asen1siiumngUssuazaintaus) lwns1ons X axgnszy
Huwnsiensfiusnguosuazainaue Areile 1) matuayuvesniens X dawnnni
vﬁaLﬂ/i’]ﬁ’uvsiﬁmmaaﬁuaﬂ,gu%’juﬁw (minimum support threshold, o) (s* > a) wag 2) A1
AmNuaALaLeYeEATIBNT X TAntesnimiewiumdautsmuasiiate (maximum

regularity threshold, o,) (¥ < g,) lneAlnudansaesazgnimunINKLy
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3.1.2 mﬁwﬁnaﬁuaqwmmmqﬂmiu,azwmqﬂmiﬁﬂsﬁngﬂaamﬂié\’mi
fvuaAiminanusdyvesudazTens

Fo1ufi 3.5 A1U19TNVEUTATIBANT X) AT NYeLTATIIATT X =

{ip,..,ig} S1® AdgiminuesTensiaunaelunsenis X anunsofiuald

Tagaunis 3.5

le_l wip
X p=1
= —— 3.5
w T (3.5)

Hgud 3.6 (Admnadudyuvaaensenis X) A minatuayuveas
579N13 X AsHadwsNlnannisauseninedimin (wX) wagrraduauyu (s¥) voaien

579015 X Feaunsamuiuleanaunsi 3.6
ws¥ = sX x wX (3.6)

dendl 3.7 Geasensiivanguesnieldnisiivuadimiinaauddy
Y8IUAAZTI8NNT) 1wATEN5 X azgnszyiiduasenisivsnguosaneldnsiimuae
ininenuddyesusiarems Adaideniminatuayuvenensionis X faunni
fm?aLﬁn"]ﬁ’m"]%LLU'mfmﬁ’ﬂaﬁ’Uﬁuuﬁ' W b imun (weighted-support threshold, oy,s)

(ws* = a,,)

de1uil 3.8 (@rumdniuingna) Aruviniuinaalugiudeya (Global
maximum weight, GMAXW) fiaa1uminiiuiniigaveannsienisiiduaudnves I

AN1150AUIULARNNANNTA 3.7

GMAXW = max{w;, w,, ..., w,} (3.7)

Hgud 3.9 (A mdnnangaveaens1enis X) A1 miniuingaves
518115 X (Local maximum weight, LMAXW) Ao A1La8 gasINv09A1U I NY099N
518015 §; € X SAUANIMINANINGA109518015 §; € X (Muneing 5190157 Wilaidu

annTnues X awnsalewlodu Y =1 - X 89Y = (i, iy, ..., i,,} feuu anmidnfiuinga
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Al

voesen1snliiluaindnues X awnsamwinlalay max{w; , wi, ..., w; }) 183am150

[

Aulallanadl

Yi.exw'+max (wir,wis, . wiu}

LMAXWX = - (3.8)

| X|+1

Hgud 3.10 (MsUszauAdmdnaiuayuveesenis i; € 1) dmiuns
Usvanaanhminatuayu (overestimated-weight-frequency, ows) 98451815 §; € I 1y
aunsaUszanmlanUssandldAuminiiungn (GMAXW) siufuAatiuanyuvoden

518015 §; Fzuansieantmtinadvayuiunganilululdvessienis i Aaunisn 3.9
ows' = GMAXW X s'i (3.9)

(Meme 9NN 3.7 011 owsY ¥89518n13 i € I TAndoeninAnTnuus
wminatuayu (ows’ < a,,5) azaunsaasulaingmenis i; Wduwesensivsingues
melanmsimueddiminanudAgvessazsens dwalvglilasianves i; axlign

fansanlueie)

il 3.11 (Mavszsanudiatinaliuayuvaasasens ¥ = X Ui € 1)
ei"m%’umiﬂizmmmﬂfmﬁ’ﬂaﬁ’uaw (overestimated-weight-frequency, ows) UD9LY#
$9M3 ¥ = X U §; € I suanunsatszinaaildanussgndldadmidniuingavosen
518113 X (LMAXW) $rafuaaduayuvenensionts X desuansieaimidnaduayud

ungeiidululdvessnsions ¥ dsauntsd 3.10
ows? = LMAXWX x s¥ (3.10)

(Muee 3 nTe1U9 3.7 911 ows? YBUYRTIENNT Y TA1denINAITnwUs
nidnaduayu (ows” < a,,5) szansaazdladnensianis ¥ liidwessenisiusng
Yasnelanisimuaadmdnanuddgueiwiazsients dwaliguiesianves Y aglign

fansanluse)
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3.1.3 LszjmflElmiﬁﬂi'mgﬂaEuLazaaj"lLauamaiéfn'ﬁﬁ'mummﬁ'mﬁ'nﬂtnwuaa
LARLII8NS
PMNLLIAAYDUTATIENTTUTINUssuarasauakaziwns18n1TAUTINg Uy
mefl,éfﬂ'1'3ﬁmum@hﬁmﬁfﬂmméﬁmmmLwiam']amiﬁﬂénuﬁ'méfu ilranusadeuiee
sren1sfivsnguesuarasiauelugiudoyanieldideulaudazsienisiidumiin

AMUEIRYALANANAUlART

fewdt 3.12 (LsumflElmiﬁﬂi'mgﬂaau,azaﬁ'lLauamﬂé’msﬁmuﬂmﬁmﬁn
AMUFIAYVDIRAALIIENT) LTATIBNTT X %gmzq’jwLﬂummwmiﬁﬂmﬂgﬂa8LLaz
adnaneneldnisinuad i naud R yvetuaazsienis Anewle 1) A1
aduayuressaTens X Sensnniwidewhiusdauiaindnaduagy (wsX > o,,5) uas
2) AANELENTDUTATIENTT X TATa8n1193 oM UAIT ALY sAN A LELD

(r¥ < o,) InefAdaudansassazgnimunangly

Heruteyn (problem statement) nviualvidgiudeyansiuwendu TDB
wEoudisenAminveusazsems W = (wy, wy, ..., wy) @iﬁmmqﬂfmﬁ’ﬂaﬁ’uaw
Os WaTATAAINLYIAIEND 0, dmSulgmnisduniansenisidunadnsvean
sensivsnguesuazaiiatenisldnistnuasiminauddyesiarsenisiu
Lwia35’1EJmmzéfaqﬁ@hﬁmﬁfﬂaﬁuayuiﬂﬁaem:i'] 0,,s wazmmuaiiaueliinn o,

v Y

3.2 FnsdwmsuAuniensenisiusinguesuasasananiglanisitviua

L 1

thutinanusdnyvesusazsenis
Iudawfﬁwﬁ'}Laua%umaﬁ%mié’umLszimﬂ&JmiﬁﬂimgﬂaaLLazaﬁ’]Lauam&ﬂé{
ﬂ'1'3ﬁmummﬁfmﬁ’ﬂmmﬁwﬁiymaﬂLm'aziwmi (Weighted-Frequent-regular ltemsets
Miner, WFRIM) Sstuneuiinanlddmivdumiansiensivsnguesuazasiauonsld
Jeulafiuiazsenisiimuddgnsenuiaulaunnsieiy Tnefivuneuds WFRIM 14
Tnssasrslunsdafvteyadusunisdumisnsienisvuiasing 9 ind1eiu FP-tree 1
156n31 WFRK-tree saufieiin1suseyndldaaeaud® downward closure property S3ufiuen
ﬁffmﬂ’ﬂﬁmmqm (global maximum weight) LLazﬂ"n}mﬂ’ﬂﬁumqmmLezjmfmmi X7

W215047 (local maximum weight) teaansunsiasangnsensnladunadns
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3.2.1 1A59851998901519518n15082 WFRI-tree
3.2.1.1 9195195189015 (Header table)
M15195189715 (Header table) ﬁaimw%ﬁﬁaagaﬁ%’fﬁm%’u%’mLﬁmwmiLLaz

v a 1] |

UL aNd1AYVDITIUNITAN 9 Femsemenisnanaasiinisdenles (ink) fu WFRLtree
Tneflusiazsensnislumaeenisazdeadumensivnngasiaseuasaitimin
atuayulneUszana (ows) innhadauisihniinatuayuiglisimuald Famsemens
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3.2.2 JuAau3s WFRIM (WFRIM algorithm)

Fumeuds WFRIM Uszneuludae 2 funeufie 1) WFRIM-initialization fg¥in
38U UToyaIeas19m1319598175 (header table) wazadns WFRK-tree uay 2) WFRIM-
growth LHutumeunsAumaTensiiiuadnivensamenisivinguesuaraiiase
msfl,éfmiﬁmum@f’]ﬁmﬂ’ﬂmmé’wﬁ’mmwaazi'mmiuu WFRL-tree i lA3uanduneu
WFRIM-initialization Imaist’fumﬁmﬁugmmm pattern growth

3.2.2.1 WFRIM-Initialization

WFRIM-initialization t{uduneuisdmsudumimnsensiivsnguesuas
ainanenmeldnsimunaiminaudfyveswassienisuazadne WERLtree \iiold
dmsudafiuansenisdionsfumiensionsluaunnig 4 89 WFRIM-initialization Sudu
MEN13asemsNsIens H dwmsuiiudeyaudiazsnenis i, € I lnefmuamatuayuuas
Aranuasiave WidEududu 0 Guneudsi 3.1 ussiadl 1) andusugudeyausias
NIWUINTU £ UATSILUUAAZIIBNTT i € t; LilevinNISMAnANaTUaYY s wazAIAdL
ashuawe riv (Funeudsd 3.1 ussvindl 2-5) aunsetsdrugudeyansunnnauusndy e
sugudeyansuudminnsaunensitaamnuaiaienniAdaulsnmasilased
Aléifmuneennmsesenis H (Gunewdsi 3.1 useinfl 6-8) (manewm s1ensiignau
ponazdehmemstudumenisfivingiathauenisliamnsodunadndvensnenis

NUsINYUogLazalaLe) naRINTUUISBad uLazs18n1T i, N1elun1319518M15 H 210

aaa

Arumindoslunnn (Funoudsd 3.1 ussiail 9) udaduammiaAfmdnduinga
(GMAXW) \ilolFdmiudszanaaniminaduayuosusiazsons i, €H Mnfumeud
$18M13 i, edidniwiinaduayuiildsuannisUssanaen (ows') dosninddautaiimin
atvayuiifldrimuaszgnaveaniinasnesienis (Tuneudsd 3.1 ussiind 10-16) 3
TunauiBn1sfum GMAXW wazn1sUszanii ows' asdnsauiuuingaunseds
swnmstanaalunisesiems H ffenhmdnmidu GMAXW gnauesnainansnesieonis
H dwmuusiazsens i, lunsesents H azgnimusliidusasiensiivsnguesuas
aﬁflLamamaiéTﬂWiﬁqwumﬁwﬁwwﬁ’ﬂmmé'}é’mmLwiazi'mﬂ'm]'m@i’nfmﬁﬂﬁLLﬁﬁa@mﬁ’U
Aatuayuressensfinaudfalddesnhadaudshminaiivayuiigniualaegly

(Tunoudsi 3.1 USSVAT 17-19)

(%
v

dmiunsenugiuteyaseudl 2 (Tunewidsn 3.1 usTIAN 20-31) InuAsINn

(root node) 484 WFRi-tree a3gnasstudusuduusn lnaluniseruusaznsiuusndu ¢;
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2VINTHANTUIARLIILNT i, € £; LATYIINITATIVABULARALIIENIT i, 1518019
sananeglumsnesients H ekl dsienisasnddlidiieglu H azgnanesnainnsiuuen-
FU ¢ 1HYIINTRITANNNTIONT i, € ¢; ke folUaLNISTEIEULAALIIENTT i) N
waeegnelu t; Aua1uYenIsNs18n1s H nduaiiadunisvemsuiendu ¢ Tu
[ < [ . P v o/ [ Ao I
WFRI-tree waniuvangiaunsuuandu j Nalvuagavine anews diduniaidloyly
WFRI-tree fidumamilouiunsiuwendy ¢; Wdeswihnsaiadumandudliiiauvaneias

NN j Nlrunganeveduniatiu)

Algorithm 3.1 WFRIM-initialization

Input: TDB, 0, 0us

Output: WFRI-Tree, WFRIs
1: create a header-table H with an entry for each item ¢, € I
2: for each transaction ¢; in TDB do
3:  for each item 4, in transaction t; do

4: add support s in the entry of i, of H by 1

5: calculate regularity % in the entry of i, of H by t;

6: for each item 4, in H do

7. if r* > o, then

8: remove the entry of 4, out of I

9: sort all items in H by ascending order of their weights

10: repeat

11:  calculate global maximum weight of all items in H, GMAXW = max(w®,w®, ... wiH)
12:  for each item i, in H do

13: calculate overestimated weighted-frequency of i,, owf'» = GMAXW x s'
14: if owfi < o,, then

15: remove the entry of 4, out of H

16: until all items with weight equal to GMAXW are not removed from H

17: for each item 4, in H do

18:  calculate weigthed-frequency wfi» = wr x s'»
19:  WFRIs + WFRIs Uiy, if wfi > 0,

20: create and initial WFRI-tree with a root node R
21: for each transaction t; in TDB do

22:  remove item i, € t; such that i, ¢ H

23:  sort t; as the order of H

24:  temp <+ R

25:  for each item %, in transaction t; do

26: if temp does not have a child node with ¢, then

27: create a new node Z for i,, set Z as a child node of temp, and link Z with node-link of
ip in a header-table

28: temp < Z

29: else

30: temp < the child node of temp with i,

31:  collect tid j in T of temp Z, T < T U j
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3.2.2.2 WFRIM-growth
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fsanusiars1ns i, lums1esiens H (3091neua1ewessnanasens) wdaainemsns
sremslml He dwsudafvdoyavessonsiivsngsmiuienis i, nniduviedludl
Tupiewivessnons i, Wumems1ssiens H iideuledlududasinun nl ves518ms
i, Tu WFAK-tree Wi lilddadoyavessensfivsngsmiuiusenis i, lneideyadsnan
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(LMAXW) LLé’aﬁflmmﬁifnffmﬁﬂaﬁuaqulmamsﬂszmmm ows 910 LMAXW syuiuen
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$WAVATIONTT X UaEII8N1T i) AA1908031 0,5 HAUSIENT i Hueonainmsn
519013 H RN mﬂqmamﬂ’a downward closure property a318015 X U i), U ig
wazgUieswmuaasamenmsdiinannagliannsodanininaiuayuiiunnd owsia) lu
Fupounismen LMAXW uag ows' vesusiarsens iy wdin1svhanuuuuausaunseds
s siaAluATNTIeNTs Hiy ifetmiinaiifu LMAXW gnausenainnisnessnis
H andufinnsanusassiens i, € Hr dwsumanimdnaduayulauetmiiniuiass
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imaoeganaine WrRktree udwhmsiafunineiaumsunenduresenis i, 1iiluun
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Algorithm 3.2 WFRIM-growth
Input: WFRI-Tree,0,,0.5
Output: WFRIs
1: X <« set of items considered from previous iterations (at beginning X < ()
2: call WFRI-growth (WFRI-tree, X =0, 0, Ous)
3: Procedure WFRI-growth (WFRI-tree with H, X, 0, 0ys)
4: if WFRI-tree contains only one path P then
5. for each sub-itemset Y of path P do

Z% €Yy w'k

6: calculate weighted-frequency wf¥ = T X sY of Y
7: WFRIs < WFRIs Uiy if wfY > 0.4
8: else
9:  for each item 4, in the header-table H (in bottom-up manner) do
10: create a new header-table H' to store all items in H except item 4,
11: for each node n’» linked with node-link of item i, in the header-table H do
12: Y « the set of items in the same path with n'»
13: for each item iy € Y do
14: update T of entry i, of H' by T of N, Tia ¢« Tt U T
15: for each item i, in H*» do
16: compute i from T% of entry i, of H
17: remove the entry of i, out of H' if rs > o,
18: repeat ' _
. 15 ip ), ,
19: calculate local maximum weighted as LMAXW = Z”EX Y +wX|:7:ax(zy, o)
where iy, ...,i, € H
20: for each item i, in H» do
21: calculate overestimated weighted-frequency
owfls = LMAXW x s'a
22: remove entry i, out of H' if owfis < 0,
23: until all items with wight of importance equal to LMAXW are removed from H'
24: for each item i, in H» do
25: calculate weight-frequency
wfi ZijeX w' + w' 4w X o
|X]+2 ‘
26: WFRIs < WFRIs U (X Ui, Uig) if wf'e > gy
27: create and initial a new WFRI-tree with Z as root
28: for each node n’» linked with node-link of item i, in the header-table H do
29: temp +— Z
30: Y « the set of items in the same path with node n» in which each item i, € Y has an
entry in H'»
31: for each item i, € Y do
32: if temp does not have a child node with 7, then
33: create a new node X for iy, set X to be a child node of temp, and link X with
node-link of i, of H'»
34: temp < X
35: else
36: temp < the child node of X with item ¢,
37 update T of temp by T of nir, Tl « T UT
38: U < the parent node of n'»
39: update TV of U by T?% of n'r, TV «+ TV U T
40: unlink n’» from node-link and remove node n'» out of WFRI-tree
41: call WFRI-growth (WFRI-tree with H'», X Ui,, 0y, Ous)

42: remove entry of 7, out of H
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aduauu o, 10U 4.0 uazAlaudsrnuainaue o, [ 20

tid item
1 |a, b, c,d
2 |c, e, f
3 |la,b,e f, g item|weight
4 |la,b,c f g a | 0.6
5 |d, e g b | 0.5
6 |a,b,c e, g ¢ |0.35
7 |la, b, c,e d | 0.45
8 la, b, d, e e | 0.45
9 |b,c, e f 103
10 |a, e, g g 104
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599113 H (318013 b) fatiu LMAXW =0.55 (0.6+0.5)/2) :ndunouiisienislalunias
s H fifldranuasiiaueuinnire@autinnuaiiaseuasinisussanaanim
advayuosniimdauisiminatuayuaggnaueanainmsnesienis HS ami 3-12
LAAIPNTNTIBNT HE ndsanaaveusiensiiliifunadniveanisfumiansionts dmsu
uiazsensluns9sens H® axgnssyliidunadwsveasnsionisiifumlagazing
ﬁm’;mmﬁmﬁﬂaﬁuauuﬁLLﬁﬁ]’%a ws YeudarsensTiUsngTmiufunens a fa51ens

v

Mdunadnshelwnsens ab, ae uag ag
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i | si| ri]wl
C 4 3 10.35
g 4 4 104
e 5 3 10.45
b 6 2 105

AN 3-12 LEAIR1S19518n15 HE

Tuduneuvesn1sadne WFR-tree® (Imaa%’wﬁ%ﬂumﬁmLﬁuﬁagamaqiwmiﬁ
Usingtusaufusens a) agvhnisviesludsivuaeusivessients a lu WER-Tree W1y
nansdenleafidaivlunisiesenis H ﬁ'ﬂﬂ%guﬁa%’mLﬁm’fayjat,wiamé’umw (path) 7
U31n430ius18n13 a ﬁ]'1ﬂfuﬁﬁagaﬁlﬁmmmaaaudfﬁﬁemWiﬂwaiut,é’uﬂnwﬁaq”l,umm
519015 H® w3oly 5’113Jﬁagfiﬁﬁfm'ﬁammﬂ'ﬁﬁguaaﬂmﬂmiﬁmim'}LLé”;ﬁ'}Lé’umaﬁ?um
a5y WrR-tree” mﬂﬁ?uﬁ']mi%’mLﬁwmmawmumn%’uﬁgﬂLﬁuaq”l,uiwm a i WFRI-
Tree i Tnungavinevondunsiuly WeRktree® uansfanind 3-13 dmsuudazion
mnaLammmLLszm%’uﬁ%’mLﬁuaqﬁlu‘[wm a # WFRLTree i lusaiulsinunweusanniiy

aulvum a 98nan WFRI-Tree

c | 4] 3 1035

5 | 3 (045

AN 3-13 WFRI-tree® 13911518015 a 1Wus1en1sANa1suIneauniin

INUUTUAOUIT WFRIM-growth 229119 1ULUUIUGILA8AZVTINITHANTUIUY
WERI-tree® @aillwnnin1snansandlnountidu X = X U a wdas1s H uanassnini

314 way WFR-tree®™ uanssian g 3-15 ieduniensionisiidunadnsluauiailiindy
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Fanszurunisyauiuuiugdazyinluis ey § aunseis WAR-tree Siflsaiduniaiien

(single path) #5afa15415980151UA1519518MS H ATUNNTIENTT

i | si| ri|wi
c | 4131035
g | 4|4 |04
e | 5|3 (045
b|l6]2]|05

-

H*[ Tailiiaql [ Taileail [ Teil 1o i i
1| s'itid i|sttid i|s! tid i|s! tid
cl1]1 cl2]1.4 c|3]1,4,6 cl41,46,7
e|1(3 g e 3,6 e 436,78
gl2(34 2131346 g 3(346
v

T—i sl tidi i sl tid!

c'1 1 cl 41,467

—————> ¢ 1 3 e 3367

g1 3 g 3346

AN 3-14 AN5NT18MT H? wdsaniviesludalvuaneusiudazeguessienis b lu

WFRI-tree® auasu

i | sl
C 4
€ 4

AN 3-15 WFR-tree® f1dsiisnen1s ab 1Jusien1sfifiasannouni

AINH08 197 LAAIT AU bH BIINNITANINTUITIENITNINUAL LA AT NS VD ILYR
FensnUIINgUesazaatenelanisiuanimtnAud Ay vesrarsIens Aell

NAAWSIIENNSVUINT 1 ABSI18NNS a (r?=2, ws®=4.2) 579015 b (r?=2, ws€=3.5), 57905
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e (re=2, ws€=3.6) 579013 g (r9=4, ws9=2) uaz3519n15 ¢ (r’=2, ws=2.1) NAAN5 LY
SIENNTVUINT 2 FownI1ens ab (rP=2, ws®= 3.3) . 4A518A1T ae (r€=3, wse=
2.63), L90318015 ag r*=4, ws¥ = 2) Lgn3518017 be (r’¢=3, ws?®= 2.13) Lazi9n
598115 be (rP€=3, wsPC= 2.38) LaTNANE LATIHNITVUIAT 3 A OLEATI18NTT abe

(rabe=3 wsabc_ 2 0g)

3.4 Mylnzianududouvestunauds

Tudquilasusseneiinisinnsiaududouestuneuis WERIM §eazfinnsan
8¢ 2 dwumdnlaun 1) nsieneianududeudelan uag 2) N153ATEvANNTUTouLE
WheATWEn el

3.4.1 Msenzianududouduiatvastunauds WFRIM

FNTUNISAUNUNTATIONITTUIA 1 LEATI8N15V0IT uABuT S WFRIM-

Initialization 9x¥1n151915M19n318n157 U3 g T ulunsuuenduvesgiutosa lne
Anuali n ﬁaai"]muiflamiﬁgmmslugmﬁé’faaﬂaLLaz m feduaunsuwendurianuely
gudeya fufunnududeudatavesduneuisdie 0mm) nduhnisinnsuyn
1815 8VN15a319 WRRL-tree Beflmnududeudautandy 0m) dmsunisdumien
F19NITVUIAG 9 LWULIUTAUL WERL-tree T839unawda WFRIM-growth $16157HLNS
ﬁmim’ngﬂﬁ’m'ﬁmmLwiamwnmﬁaa%ﬁqLezjmmﬂfﬁﬁﬁmu'm‘iwwﬁu R8N UL ULTS
81TBINIAUINTIEM ST AR AT 1andunad nsvesansIenIsie 0(2P) G p Ao
$18M157 HIUNSAANTANINTURELAS WFRIMHNitialization wazluusaznisiarsanies
sy nssnFureenTIeNsUTINgSmAuazgnisisesdiuiite A
aiiauevenenTsnsiuddanududeudsiandu 0(mlogm) fudumududouds
navesTuReIE WFRIM aunsaszylaidu 0((nm) + (n) + (2Pmlogm))

3.4.2 Msienzianududoudonitsanusivestunauds WFRIM

Tudfunewd® WFRIM-Initialization axilnrududoudamnennusndu 0(nm)

in ﬁaﬁi"]mm']amiﬁwmhgmﬂé’fayjaLLaz m ﬁaai"lmwniwuLL%ﬂ%’uﬁgwmslug’m%a;ga
uardmsudunouds WrRIM-growth agdaannisfinnsaniensiensiiduldldundian p

319015 G4 p ABIIWANTANIUNITNAITUININTURBUTS WFRIM-Initialization ¥ 9iiA13

= [ <

Fudowdaandu 0(2@ Dm) F1 m Aesunsuusnduiondaivluinaglnunvesan

Y

578115 A uANTUTouT vy eAuT198IT unouIT WFRIM @ruisaszylaidu
0((nm) + (2®~Ym))



UNN 4
nsAUMIEAI1EN1sNUTINgUaekazadananiglinisituad

14
o

unlinanudAyvasdazsienslasllaseadawuanguisalugos

nundl 3 33mslunisduniensenisiusnguesuazalianenisldnig
fnuaaiminauddyveudaz TNy %ﬁ'}ﬂ'ﬁaﬁugﬂm’fa%aaam%ﬂqLﬁaa%"]qmiw
579715 (Header table) wazlassairasuls! WrRK-tree dwsudaiiutoyarieldlunisdum
WATINITIINA  InTuszdunIEaTensTiunadnsan WeR-tree Tnelduuadn
fiugnumas pattern growth agslsfiniy faudinBmsfiiiauedinanavannsnyszaana
Ifogaiusvansamundafldmiivannuseavsnmlvateduls

fau unisiauetureudiidulsyansamlunisussanadmiun1sdum
warensiidunadnsvensarenisiivsnguosuaraiiaseneldnissinunaim
AuddRUosUsazIIINIIINgIuTeyadiiFendn nsRuneRTIBnsUsINgUosuaz
asanoneldnistmuasmiminanuddyronsarsenslaglilasadaudnguide
v w29 (Efficient weighted-frequent-regular itemsets miner using interval word
segments structure, WFRIM-IWS) fivihn1suszgndldlassadrantanguidfaidudaadmsiu
Fafudoyanisunnguesnenmsiensenslurasiviinisdumienmenisfanuaiidy
nadws Ineseazidenvestunouiiviaueaunsouteonidudausng 9 Feseluil

1 3msdmiuduniensensiuanguesuazaiiaueneldnisimund
thviinmudduesusarensiaglilasadioudsnguidsadugag (WFRIM-AWS)

1.1 Tassadanuanguidsadugas (Ws)
1.2 $unouds WERIM-IWS

2 fhethsdmsutuneuisfuniensenisfiusmnguesiazadianenelinig

snupaniminaruddveutazenisiaslilasadautngudsadutng

3 NSAATIENANUTULDUVDITUNDUID

* 135 (word) WumdldiSensruindnfsnniy fsluinendinusiisaisnui 16 9a
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4.1 F|MsdmsuAumensen1snUsInguasuazadiananiglinisnmvunan

wutinaudfguausazsensiaglilaseadawiangudsadugag

Tududagihiaueduneuisdisondn 33nsdunieasienisiusmnguosuay
asanenglinistmuasniminenuddyessarsenslasldlasaiautnguide
RIRER (Weighted-Frequent-Regular Itemsets Miner using Interval Word Segment
structure, WFRIM-IWS) Ima%umaui%ﬁqﬂd’]’;ﬁ]zﬁfmfﬁaﬁugm%gaLﬁmﬂ%’jq Feuiefum
wnTensiUsngUesuazasiatenglifoulfiudag mensianuddyvidernaniauls
uandstuIIng It eya Tunouds WRRIMAWS dnsuseyndldvatouuidn Tdun 1) A
ﬁfmﬂ’ﬂﬁmﬂqw%'amﬁfmﬂ’ﬂﬁmnqmmLszjmflalmiﬁﬁmim’l (global/local maximum
weights) ‘Lumﬁﬂizmm@hﬁmﬁﬂaﬁuaw (overestimated weighted support) 1l aannauy
N15RNTUNERTI8n57 bl 1] umaé’ws‘mmmauﬁ@ downward closure property 2)
Tassasnauuanauidsadugie (interval Word Segment, IWS) Tun1sdatiudeyanisusing
YDIUABLIIWANTALATIOATT Lag 3) A1519AUNT (Look-up table) Weausansalunig

FwuAETuayLLaAIANNElENeNlATIE L UIngu T lutag

4.1.1 Iﬂiaa%ﬁmﬂanzjau%%mi‘]mifm (Interval word segment structure, IWS)
Tassasrsuuana udsaed uy a9 (nterval word segment structure, IWS)

(Nguyen, Vo, Nguyen, & Pedrycz, 2016) @a lassasislauriindainimes (dynamic bit-
vecton) # I @ msviaiiudeyanisusinguessienismsownsionisuia q (nafe
vaneLaInuLsnduiifenimiswnsensunng) dndulassaiannguiddadurag
(IWS) 994518N15/480316015 X UAAITRaRUTDINgUIRTA (segment) anunsaidauszyladu

IWSX = {smf, smj, ..., sm} Bausdaznguisa (segment) smf € IWSX Usznaulusig

9
a

A998 A9 1) ALAVNDNDIRILAUILI NS (vvord)lmﬂu@ué (FWALLsn (Frist-index)

1 =

a v . X o w as A
annsadeuszylaidu £i5™) uaz 2) drdiuvendse (word) Alidugud (unews uansd

= v X
N15U51N0U83518015/490518015 X @a1u1sacdeussylatdu wo™ =

sz sm;(
, WO

j SmX
1 2 ) wen

; d 0 oa sm¥ X
wo oy ) lnediusaziisa (word) wo, /€ WO™ ayus5q 16
wo™"J |

Unlaesuandaninnuddydesgaliaudcdaninnudfyuingn dausdazln pt auilan

(wo

Ju 0 dwnsems/ansients X Lifinsusinglunsiuuendu t, wag pt* asfianlu 1 lu

N3NTI8N13/Ans1ens X dnsusinglunsmuuendu ¢, o IWSY anansadeuunueme
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. omX sm¥X sm¥X sm¥X
(flsml (WO1 1 wo, 1., W0|W(;5m)1(|)) ) e

X X X
. X sm sm sm
(fi*™v (wo, ”,wo, 7, ..,wo "

Iws% =

X
[wos™ |

4.1.1.1 Sunouislumssamfunueiaensuuenduluzvuvulassasdig
wuangan3sadugog
MsUINgTuTeNensIeMs X lunsiuusndu t, asvinisdaiumneaon
srunendu p lusvuuulassaauinguidsadudae Iws® Idnumudunouisi 4.1 Kl
Fupouusnlpsnmasiuaasiumtsdsa (word index, wi, nanafie Muntsdsnvesvansiay
nuugntu p nelulassasne IWSX) uazawisa (word value, wo, NA1IABANYDY
yaneiay nsukendu p Agndudaliegluzuuuudsn anmneammsuusndy p Gunou
37 41059909 1-2) Smsrunendu ¢, 1Wunsunendund x Usngtudundausnazads

' acs Y o o v . X a1 1w . Y o a I acs
NANLIIN (segment) smy WaIAITIUUALA FiS™ davinnu Wiy, WAININITHNUAILITA

aa A

wo,, ilUlumavrenisn (wo, € WOS™) vos sm¥ (Funoudsil 4.1 vssindl 3-5) wily
nsdlfinsmundy ¢, lilinsuusndui Xﬂifmgéﬁmﬂuﬂ%’jﬂmewﬁmimwm’mmﬂ%’u
anvne (ast occurrence, 1o)X Usinguiteduiamisuviaisa (wiyx) aavinedl X
Usinguazdnnumneaunsiuusndu p lu IWSX Tnsanwnsasndunisla 3 nsdifartelul

1) §1iununIsTe wiy,x vemsuwsndugainen X Using loX @duaundn

o

X 1 a s 1 v a [} a s A v v
193 WO™ wag sm; 1Junquiisangugaineves IWSX) Gsundadsanilouduiu
Funadse wi, YewmaneaIns LNty p inn1senanAIiaimuus wix Mg wo,
(Vunouisn 4.1 ussviafn 8-1)

a

2) MEuniase wi, vemnglamnukendy p Iiuviaisaniegdinluain
o ] acs . U v d' d‘ a X
FILIAUTSA Wijx VOMTTULINTUAN89 X Using loX (MduauBnves WO ™) uay
& I as i Y X\ o0 A 1 _as v & A A
sm; Wunguiiianguanvingves IWSY) vinnsiitudisa wo, #eving wo,,x (Yunauisn
4.1 ussving 11-12)
3) v aIse wi, vewmunsaunsuuentdu p lilddundsiegdaluan
o ] acs . U v d' d‘ a X
FILIAUTSA Wijyx Vs uuendugavined X Using loX Milduaundnves WO ™) uay
sm; \unguiisanquanyineves IWSY) avasanquidsalmide sm¥, (ag o Jagdu

Y o o v ., X o N w . Y o PN '
IWSX yssqlume smf, ... sm¥) insimualit fi70+ daviniu wip, uawhnsiiiua
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a s 14 a s X 14 QI 1 a e U U
330 wo, Wi lUluwnveadsa (wo, € WO ™+1) 94 sm,, uduiiunguiisasinanlu

IWSX (funeudai 4.1 ussviad 13-15)

Algorithm 4.1 collect a tid into IWS

Input: [WS¥, p, loX
Output: TWSsX

L wip = | pha ] 1

2: Wop 9((p—1)mod wordsize)

. if 10X =0 then

3

4

5. IWSY « IWS* Usm
6: else
7

8

9

Wigpx = [J0=L |41

. . wordsize
if (wi, — wijex) =0 then

create a new segment sm <— (wip,, (wop))

wo + the last word of the last segment of JTWS¥

10: WO <— WO + Wop

11:  else if (wi, — wij,x) =1 then

12: add wo, at the tail of the last segment of I wsX
13:  else

14: create a new segment sm <— (wip, (W0,))

15: IWS™ « IWS* U sm

A79819 4.1 Mvualigutdeyansiuusntulsznaulismedumm 80 nyuusndu

LAMIRT NINA 4-1

tid item

1 la.c.e

15 [b.c.d.f.g
16 |a, b,e, T g
32 a, b I e, f ¢
35 b, d. g

19 [a, b, c e, g
50 [a, b, c, e, g
55 a, b,d, e

70 a,.b,c.d e g
71 Ta, b, d, e

A transactional database

A9 4-1 grudeyansiunendy
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vianfinsangudeyansuuendudsuansdunmi 4-1 shlmswingenis
a ﬂiﬂﬂgiuwiwuLL%ﬂ%’ué’wfalﬂﬂf t1,tie Eazr Laoy Lo, tss, Ero BT Erq IABNIIULINTUT
316015 @ ﬂ'i’lﬂg‘?gj’mﬂuﬂ%miﬂﬁa t, FefusumaidnuazAiisavemunaiauns T iy
pidu 1 @arunsariuinlelag Wi1=[11;61J +1=0+1=1 Wag wo, = 2(A-Dmod16)_20_1
mﬂﬁgua%"mﬂdmﬁ%mslmiﬂu smé =(1(1)) LLé’aLﬁ'mz@'uﬁ%mé’]’aﬂdmﬁt’fﬂﬂu IWS2=(1(1))

A

AN AUTaYANITUIINGUDI518NTT @ FIUTINYANIIUMENTU t16 ANUNTET 1 NFalG

o o =

nanlidnsduariiuladdundavendsadmsu t; wag t dandu 1 wilouduiaiinis

'
o 1

gNLARALISANALULsaanevaIngaulTaganigly IWS? F9s8manlag wo,q=32768

[
a

ndunouilazlasu IWS® 1Ju IWS*=(1(32769)) dmiunsusnguess1ens a Tunsiu
WINTU ta, AIWMUUITALALANAS AVBIULNBLAINTIURINTY p 1Tu 32 Al lag
. 32-1 A o a

w132=[1—6] +1=1+1=2 LAY Wo,, = 2(B2-1mod 16)_215-37768 |{g3i1n15NA1TUINT
U5n9A398avneu09518n13 @ (Usnglu tye) euniadsaidu wije=1aziuldindiuns
a s U a0 [~ . 45 [~ ) 1 a s d' [

ISAVBINIBLAINTIUUYNTUY pa, HANTU 2 (Wig, =2) FaTudundadsaniegdaluain
AU ITAYeIN1sUIINGATIgANY lo%=16 (n38i7 2 NFalana13lIUedY) Fuiiueves
1350 wos, =32768 savinefnquiisaaainglu IWS® dey WS =(1(32769, 32768))
ABUINISUTINGVBITINTT @ TUNTIUMINTY 49 AILNUATIARALANITAVDINUBLATNTIY

U o v . 49—1

wendu prdu 49 anunsaruinlalay wiy = [7 +1=3+1=4 L8 ¥ WOz, =
2(9-Dmod 16) = 20=1 39N1TNINTUINITUIINGATIAATNEVDTI8NT @ (UT NG £35)
funiadsady wis, =2 aiula i untaisavesneaunTuLEnTY pyg JA1du 4

(Wige =4) Falsildsuniisneginluanduniaisalunmsusngassgameves lo%=32 (n3al

Y
(%

71 3 fidslgnanlitiesiu) Atuazasengudsalndidu smg=(4(1) LLé’aLﬁzma-jmﬁ%mé’fqﬂén
Tu IWS® Ju IWS? ={(1(32769, 32768)), (4(1))} dsun15Us1n V03518115 a Tunsu
WInFuB U 9 ¥n1sRsui eade IWS? mu 3 nsiinateduluduneulds 4.1
WEIRINAIITUNIUATULED TWSP=((1(32769, 32768)), (4(67, 96))} TeUsznauluseaas

nauisanandlunIng 4-2
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item set of transaction containing item a

a 1, 16, 32, 49, 50, 55, 70, 71
[ 1 [ [ | | —

——— ] |

| |
bit value E&)OOO000000000@@00000000000000 0000000000000000 00000000([1&!00({1]) 00000000({1])00000

tid 16-1 32-17 48-33 64-49 80-65
word index 1 2 3 4 5
word value |32769 (32768+1) 32768 0 67 (64+2+1) 96 (64+32)
TWS {<1(32769, 32768)>, <4(67, 96)>}

A 4-2 fpgrnisdanumnaeansussndululassadanuinguisaduga (ws)

4.1.1.2 nsmunmdaiuayuiazaauasinauelulasaiadng i

Juaiag
nsldlassadanvingudsnidugae (ws) Tunsdaiudeyanisusingues
sMsAsaTems Tuaginisfudamnoemmuiendulfdudsaudafinisuanguide
ponifutng dsmaliliannsodmnamaivayuiagaauainaeressons/ensens
audennilananliluund 3 fadusdlaadimisndum (Look-up table) (Amphawan &
Lenca, 2015) uanadan il 4-3 ifielddmiudimnamalivayuuazaanuaiiatevosen
semsnnlassaatnguidsaidudas (WSs) Femssfumssnanussg 21 un (e
16 Aovumesusazisadlilunsdniivdeyanisusnguesudazionsienis) uiazuaives

m3AuUsEnauluale 4 Jayasall 1) s AsAtatuauu (T1WIuATIY0IN15UIINg) Ved

a

sanansan 2) pf Aesunusidn 1 Usingiuduasausnludsafifinnsanlagsusduain

a

o—

)

pndleuddtovan (wansdiaszezrned X luinisusingauds X Usingiudunsausnlu

a a A d'

3nNe13aen) 3) nl Aieduiuvesin 0 Neailasiundanindn 1 Usingassgameauislng

D

fanudrAguingaluisannansun wansdanauveamsiuuendun X lddsingiuly
Frudeyandsani X dn1susingiuasianringluisaniansaniaunseiauiisa) uag 4)

mg AednnuiuIngavesdn 0 Negseninela 1 aeeln (Wanada NgUVBINTLLYNTUNNIN

a

gaseninvaemsuuendun X liusingiuluisainansan)
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look-up table
WO binary value s |pf |nl
000000000000000 16 [16
00000000000001 15
)()()()(,)()()()(]()()()1() 14
0000000000001 14
)()()()()()00()()0l()( 13
00000000000101 13

37 0000000000100100 [2 |3 [10 |3 0000000000 00100>
nl mg pf

0
0
0
0

DO | DN = = ©
ro| of —| o| ol of B
]

U W N

0
0(
0(
0(
0(

Ll KN e B

0

rr'i') 1111111111111111 16110 |1

NN 4-3 FIDYIHIT AU

denail 4.1 (ANETUAY YR NYATIENTT X Tu TWSY) Aratvanuvoaen
$19m3 X Tu IWSX fAenasiueatuayuveuiaziisalundaznguiisnan WS Fasn
atuayuresuaziaaunsaldunndoya s veadaiu q lumsedumlaefuanldss
aunis 4.4

X
smj

s"k (4.4)

ISm |

z:uws’q Z

RyUN 4.2 (ANAMUENNENDVBWYNTIENTS X U IWSX) Armnudsinaus

VBUYATIYNT X AD TrEVNTENINNIIUMNTuNens1en1s X Usingiu dmsuaining

AU NANDVDUTANTIENIT X U IWSE 92Na15UIAIANUAN LANDINNWAALLITA wo ™

X
I acs = ° smj o v a0 &
melunguisn smX Fermnuadnaye rv° 7 annsadninls 4 nsdlsil
% X 4 X ' = X 4 acs ' acs
1) 61 wo®™ Ao wo, 't (NA1IAR wo, + ABLISALINVDINGULITALSN

sm¥ lu IWS¥X) epnuasiiaus rvo " munlafsaunis 4.5

0™ _max ((((Fi5™F =1) x 16) + pf(Wo™)), mg(wo*™ ))  (4.5)

Q X
e 1) flsml ﬂE]GI’]LL‘M‘LNL’Ji@]LiEJGIWUENﬂaEJL’JiG]LLiﬂ smf 2) pf (wo*™)

o w s i

ABIUIUYRITR 0 ‘VHFIE]L‘L!ENﬂULilJGI‘L!"i]'mUGWllIﬂ'J’]EJﬂ’]ﬂQJ}UE]EJ?jG]’R]UﬂQUG]LUu 1 904133A7
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a Yo o X o a a a | [ a
#9151 (5Uaneseaum) uag 3) mg(wo®™™ ) uunuingavesde 0 Negseninein

1 @990pv0935aNN915040 (LASUNAITI9AUT)
mX X

P S j ' = sms
AB wo, (@A wo

X A acs =
7 J ﬂaLUiﬂLLiﬂsUaﬂﬂallL'ﬂiﬂ sm]X N

2) o1 wo ™ .
X
]

1 a s a o 1 d' . d‘ . U 4'7 sm
NANLIIN sm}‘ daraud i Tu IWSX e j €2, |[IWSX|] amrpnuadliaue rve

AUIAULARIANNIT 4.6

X be
rwo™™ _max (l(Iwo™-1) + (i —1-1™1) x16

+pf(wo™™)) ,mg(wo™)) (4.6)

a

d‘ X = o % d‘q 3 4 =
Wo 1) nl(lwo*™i-1) Aea1uiutn 0 na9a1nAln 1 Us1ngAssEnnigauns

X ] a s o U v .
-1 geenquiseainunauntl (j — )"

'
a = o w

Innflanudrfganngatuisaaniig wo ™

= & as Ao o

Y 1% . X = o 1 acs
(WSuaneseaum) 2) Fi°™ Aesuniausnuatisalungudse j7 Fudunquiisanrings

a . X =) o 1 ¥ a6 1 a6 o o 1 ¥ .
W15 3) L1 Aesiuniganigveddsatunguiisaainunaunin (j — 1) 4)

o 1

X, a o a 1A v a v a aa ° =% a
pf (wo’™) fedruruvesin 0 Aserdestusufuandefideuddnydesanautieindu 1

o

as aa [y Y X o a a a
o saniiasun (Wsuannemseaun) way 5) mg(wo™ ) ULINNEAVDIUA 0 MDY

Y

a

EUIN09 1 @990V ISANA

aa

A5 (lasuaInNANs19AUT)
X X

v X P smy; | 2
3) a1 wo ™ Av wo, J (ha1fe wo

Aoisaadun k" (lafle54n

=

X
smj

wsn) lunguidsaandun j7) menuadiate 0 7 Analansaunis 4.7

X

sm’; sz
o = max (nl(woy 3 ) + pf(Wo*™ ), mg(wo™))  (4.7)

X
d' sm; N o a 2 d'q 3 v = a
We 1) nl(wo,_] ) Aoanuiutn 0 1839 nNUn 1 UsINgAsIganIeaunite

as ao o

denuddguingatuisaaiduneunin (k — 1) lunguidse j* udunquiisafidngds

=

a U X

w1507 (1A5Ua1nen519AUAN) 2) pf (wo ™ ) Aeduiuvedn 0 Freiflostusuduainis
fflpuddgydesgraudisdndu 1 veudsafinarsan (1A5Ua1nA1519AUNI) waz 3)
)aﬁ’wmumnwamawm 0 wamvmwwm 1 aasUnvaadsanfiansan (lasuann

ANSIIAUNN)
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v X o SmﬁWSX| A SmﬁWSX| 4 as v A
4) 01 wo®™ AB wo X (namee wo " ABLITAEANET
wo |IWSX|| wo |IWSX||

I 1 a s o U ¥ X X 1 4'7 Sm;{ o Y

aglunquiisaandugaving ST ysx) VO IWST) anandaniedse e AuInleag
aunns 4.8

smj-( SmX |TDB| ,SmX X
o 7 =((nl(wo ™) + ((lwo — i7" 1wsT) x16)) (4.8)

d‘ X A o a o d'q 3 ¥ =2 a
We 1) nl(wo®™) Apauwiuln 0 1a9InNnUn 1 Usingaseganigaunain

1Y

ndanudAgungavesiianiiaisan (asuainaisisaum) 2) lwo!T™P8! Aasunisves

a6

(% A as o ' Y < 1 [ ¥ ¥
LU?@@@WWEJWGZJQL'Jiﬂﬂﬂﬂa’n‘\]ﬂLﬂU‘lJE]iquaﬂ’liﬂi’lﬂg 16 NITULYN UQWWWEJIUE’M"UE];J”@ TDB

[

X
o 1Y TDB .sm a o 1 as [ | acs o
(Fruaalaain [W}) wag 3) li- 1ws¥l fasunisoaisngarielunguisaaisy

gavineves IWSX

Feg19 4.2 Mngruteyansrunendunandluning d-1 lassairaudsnguisady
91990951815 a LU IWS*={(1(32769, 32768)), (4(67, 96))} maﬁ’uagumaﬁwmi a lu

IWS? muadlalay s*=((sW°

32769 32768

+5WOTT) 1 (sWo 1sWO™)) Fernatfuanuvacusiaziiin

¥5vanmsndunilutoya s uansdsnmi d-a Fauaatuayuresnenis a 1
(2+1)+(3+2))=8

dmunsAuummmaiiaevesens a ) lulassadaudanguiasaiy
429 IWS®=((1(32769, 32768)), (4(67, 96))} TuasOAILIAIN 1) Asausnlungaiise

a

wsn (N3N 1) 2) sanaeslunguidsauwsn (Ns8N 3) 3) Isausnlunguiisaiiaes (NN 2)

way 4) Isanasdunguiliaiiasdaglinfiassiuaziinismuialunsdi 3, 4 Weussyla
m‘ll WO;m? mg a a

S S smy A smy A =
wo; "y LYo T WO T (s 3), Y% T (RSN 4) ) F9A1AIU

108 %= max (r

[

A1 ALRUBILAaTISAAWINLARAL]
sm‘f . a a a
1) %1 " = max ((((fi™ —1) x 16) + pf(wo"™1)), mg(wo ™))
a

ot 700 = max (1-1) x 16)+1), 15) =15

2) o " = max (((nl wo™ +pf(woi™)), mg (woS™)) & a1

sm§
% ° = max ((0+16), 0) =16
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3) POy - —max((ml(wo ™) + ((fis™ —1-1i"™) x16+ pf(woim%)),
mg(wofmg)) ety 7701 = max (0+(4-1-2) x16)+1), 4) =17

) 12 =max (((nl (Wos™ + pf(wos™)), mg(wos™)) a1 u

sm% N
W% = max ((9+6), 0) =15 (NFUN 3)
a a

5) 7o =((nl (wo3™) + ((Iwol™B — 1im8) x 16)) fasfu ros -

= (9+(5-5) x 16) = 9 (n36iin 4)

(%
Y] 1

AITUANAIUALLELDVDITNITIEANS a A % = max (15, 16, 17, 15, 9) =

17 Fanmi 4-4 uaneIsn1sAnAaTuayuLarAIANNELLENeUDITIENTT a

look-up table
WO binary value s [pf [nl [mg
0 000000000000000 | 0 |16 |16 | O
000000000000001 11 [15]0
000000000000010 | 1 1470
2 1
1 0
2 2

000000000000011
000000000000100
000000000000101

2

1 |14
3 |13
1 113

=W =

(
(
(
(
(
(

SO0 O OO

oo

> 0000000001000011 [3 |1 |9 |4

— 96 0000000001100000 |2 |6 [9 |0

)00000000000 [ 1 {16 [0 [0
000000000001 |2 [1 [0 |15

»32768 1000
»32769 1000

(
(

65535 1111111111111111 [16]1 {0 |1

max ((0416),0) ’max(0+((4—1—2)X16)+l, 4)‘ max((?l)+6), 0) 9+((5—é)x16)

max ((1-1)x16+1, 15)

s:2 r:15 s:1 1:16

s:31:17 s:2 1:15 r:9
case : 1 case : 3 case : 2 case : 3 case : 4
L |—-L \_‘ [ 1 ]
WS {<1(32769, 32768)>, <4(67, 96)>}
s'=2414342 =8 r"=max(15, 16, 17, 15, 9)=17

AN 4-4 FpE19lUNTAUIMANETUAYLLALA1ANALLENDTBITIENS a

4.1.1.3 M3duwasiwndu (intersection) Tulassadraunuangudsadugos
Tunsfumieasenisuunne o dusvadisensenisiduualngTuain
N3TNfusEnIsdennTEn1sinefiuiasn e saed eslien e sifsaneunth
Huensienisiiieadu (same prefix) (Na17fe Z = X UYiiie X = (i) o) g, ip} UAY
Y = {ij, o, ks ig} Fahaousasemsiionsenisinsantound iy i) s i) ot

Wi 9lins1udedoyan1sUsINg Ve L enT18n1s Z A8 09n158une TN dusening
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IWSX uay IWSY Saazuansfensiuuenduil X wae ¥ Usingiwdunddaivlu Iws?
TneswazBennsdumesiendusandutunouds 4.2 Buanfinnsanutesnduidsn sm¥ Tu
IWS* waz sm? lu IWSY dnguiisn sm¥ uaz sm fidwiimuiieriu (overlap) 9z
AumiuvLiaLsn (first index, £i) uagsmuisanying (last index, 1i) vosduin1uiien

AN NIV TBUATNIALYININITANSAN (FUABUIT 4.2 USTNAT 5-6) INUUDULABSINTU

X Y . !
1 a s smp qu = 1 . . [ Y] 153 U A v
wiazlisa wo, ¢ uar wo, ° Negluveulvn fiuar L LAITALAUNANETLARINNT

Sumaswntuly wo lnen1siaiu wo aziansadu 2 nsdindl

1) 81811350 wo 1Ju 0 (namfAelgnsenis X waz ¥ lulausingsuiu

'
o 1

vugAifmunuaisafe uth) azviinsasiageulnvedisn WO duaavesisa WO WHuwn
TaRzidfiuen fi Fu 1 Fauansiensienis Z a'ﬁ]%ﬂifmglﬁ'm’mﬁﬁ%m (u+ 1D usilunsel
fanranisn WO Lidwgadngazasanquidsalvnd sm = (fi(W0)) LLé’aLﬁmejmﬁ%m
Fanansevnely IWS? (funouds 4.2 ussiai 11-17)

2) 91AITA wo AAININNT1 0 (NAN1IABLEATIENTS X kag ¥ UsingIauniu
vuediiuminisade uth) Widudse wo vevhefiwavesisn WO wdfiansaniisadaly
(3507 wrl) Gupewdsh 4.2 ussviadl 18-20)

Tunsfinsanassaninevoaidnlunduidsa smX uay sm? dnemvoaidn
wo lddugainazasianguisalm sm = (fi(W0)) LLé’aLﬁmdmﬁ%mé’f&ﬂénﬁiaﬁwﬂu
IWS? wonanikilelsfinuiinguidsa sm¥ uag sm} Lifldwdauieatuasiuiums
(index) p Bu 1 nduminisaaninevesnguidin sm¥ Setosnivhumiaisagaie
Tunguiisn sm? uslunsdifidumiaisngarinevesnguisn sm¥ darunnniviumiaise

gavnglunquiisn smY asiitumsiumls (index) q U 1
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Algorithm 4.2 TWS’s intersection on a pair of IWS

Input: WS~ 1Tws¥

Output: [WS?

1 IWS? 0

2:p+landg+1

3: while p < |[IWS¥| and ¢ < [IWS"| do

4. if smff and sm}; are overlap then

5: .ﬁ — ma’l‘(ﬁsmif J.ﬁsm};)
6: li min(ﬁsmi)( + |W05ml))(| - 1vﬁsm3’ + |W05m;f‘ -1
7 u < fi
8: WO+ 0
9: while u < li do
smx smY
10: WO 4— WOy © NwWoy
11: if wo = 0 then
12: if WO =0 then
13: fi<fi+1
14: else
15: IWS? « IWS% U (fi, WO)
16: ficu+1
17: WO + 0
18: else
19: WO+ WOU wo
20: u+—u+1
21: if WO # 0 then
22: IWS? « IWS? U (fi, WO)
23: else
24: if lism;( < lism;/ then
25: p+—p+1
26: else
27: g+—q+1

Aqag19 4.3 mvualilasassuvang wdsaduyi9ve9sians x 1du
IWS*={(1(1, 20)), (4(8195, 64))} wag 18115 y +UU IWSY={(1(128, 8, 2, 8195, 96))}
eflazadraensents “x,y” wsfesdumesiontu IWS* uaz IWSY WiouaAntmin
advayu AAIAT AL D Lazdaiudeyan1susngueuenI1enis “x,y” Tnet5uan
WANTUINGUITALIN smT=(1(1, 24)) uaz sm) =(1(128, 8, 2, 8195, 96)) (MUEL1H NE
Feaaasdinnuauioat) §weuwefiesinnsanilosunesenduduamansdiums
Lsnvedisauagiunusanioveaisad aduinlalag fi =max(fismg, flsmy)
=max(1,1) =1 wag i =min(lignyz, lism¥) =min(fismx+ |W0|5m’f—1, fism¥+ |W0|5m¥—

1) =min(1+2-1, 1+5-1) = min(2,5)=2 anuudumasiwnduudaziisaly sm¥ uaz sm? lu
y

1 . . o o a6 x d‘ a 3 L%
3EWI8 fi =1 was li =2 dmSuidsausn wo, t=1uaz wo, =128 §edunesiandu
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a s

FENINUITAN @Az 10 wo =1 N 128 =0 Faiuan fivu 1 (luvesdl fi =2) aoun

Sumosiendusewing woi™ =24 uay wo§m¥=8 Ionaawsidu wo =24 N 8 =8 FadmLfiv
330 wo dananluwnvesisn WO nawinfiansanudazisatunquiisanieldveuwn fi
way li IIVLED Iradanguiisalu sm=(2(8)) uazifiunguiisadanarndnluly Iws
Mniufinsunguidadau smf uag sm? dengquiisarisassianumuifsatuiie
duiunsdumefienduudaziifalunguiifadananmunszuunisivieududiuuy e
wé’qmﬂﬁmimwumuLwiazﬂq'mﬁ%mﬁﬁmmmuﬁmﬁ’mﬂé’ IWS*Y \Ju IWS*Y={(2(8)),
(4(8159, 64))} WARRFIANT 4-5

W' {(1<1, 24>), (4<8195, 64>)}

ws' {(1<128,'8,{218195, 96>)}

WO 0 8 8195 64

WS {(2<8>), (4<8195, 64>)}

_ non-overlap overlap
AN 4-5 $19819lUNN5D UMD NTUTENING IWSY way IWSY

4.1.2 YunaUIE WFRIM-IWS (WFRIM-IWS algorithm)

FunoUTS WFRIM-IWS (WFRIM-IWS algorithm) Usznaulddne 2 duneu leun

1) DBscanning 9¥81ug1udayatil oa31a WrRIV-tree udarulnAIAMaLlLasolaz

hminaduauulaeUsznaueusar:ens Saavineud WERIM-tree azUsznauludag

5181157 us18n15u8edu (candidate single itern) wae 2) WFRI-mining a8Auwams1ens

1’7fLﬂumaé’ws‘ﬁgwmmaqLézjmwamiﬁﬂmﬂgu'aaLLazaaj’wLauaﬂmiéfmﬁﬁmuﬂmﬁmﬁ’ﬂ

ANAFYUDINAAZIINNS TIaETNISAUMUL WFRIN-tree Fgsuanduney DBscanning
Tngazusseneeuasdondioluil
4.1.2.1 DBscanning

Tudumou DBscanning 13 sn WFRIM-tree wgﬂa%’wﬁuﬁwﬁ’uimmm

(root node) R wazas1alvupdwiuusazsiens i; € I lngagivualiudaglvun i fias

Jurdulnungnuaslnuasin R (Gunouds 4.3 ussiadl 1-2) ndusiugiuteyausasmaty

wwndU t, € DB UazfTUIAaEIIENIT i) € t, Wiledniandayalulvun i, (na1mevi
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nssmanlag 1) WiinAratuayy s 3u 1 2) a¥e WS (seazdeansinfumneiay
nsuwenuulasaduutanguidindudag (ws) vssergliludunews 4.1) 3) ruamen
Arwasiiaue ric uay 4) Smann1sUsingiuadsgarie lok Tny p Fadumneaunsiu
WYnUVDI t),) (Fumeuds 4.3 ussiind 3-8) nasandisruguteyansunnniuuenduay
finrsunAAnuAT LAY aEI18NT i) d1AAuasiaueT Swanafgaviees
518015 i, WadAuinninadaudseuaiaue (o,) 'iwmiﬁguwgﬂauaaﬂmﬂ WFRIM-
tree (Funouds 4.3 ussviadl 9-11) ndumaniviniiunngn (GMAXW) it o14lunns

At minatuayulaeUszanm (ows) Y09uAazIIns i, §1A1 owst danaenty
@h%mmm}mﬁ’ﬂaﬂ’uaw (0y,s) TNUNTT i ﬁgngﬂauaaﬂmﬂ WERIM-tree wilunsdifian
ows'k ﬁ@iﬂzjﬁaaﬂ'jflm%LLﬂaﬁwwﬁﬂaﬁuaw (Ows) a]3ﬁwmm¢hﬂf’mﬁ’ﬂaﬁ’uawﬁuﬁﬁa
YosuRarIIENIT iy (wst) §1518013 i laflenimdnativayy wsi laidasninadaus
ﬁwwﬂ’ﬂaﬂ’uauu (Os) S8NTT Iy fu%gmzq’jwLﬂumaé’wﬁmaaL%mmmiﬁﬂifmguaz
aﬁflLﬂ%ﬂ'}&%’fﬂ'}iﬁmum@hﬁmﬁnmmé’]ﬁ’maaLwiam'mmi Fanszurun1sun1sAua
Atmiindiuingn (GMAXW) uagAniminaduayulpeUsssnaufioaaneunisfiansuien
'i'lEJmifwﬁmiﬁ/‘f’mmuwausz?wumzﬁ"mamiﬁgwmﬁmﬁmﬂﬂwhﬁ’ucshwfmﬁfnﬁmnﬁqm
ATERERINGRRPED 5’15W&Jmiﬁﬁjwmﬁﬂfmﬁ’ﬂm"lﬁ’umﬂffmﬁ’ﬂﬁmfmqmgﬂé]’maﬂmﬂmi
frsanazvhnsduanet GMAXW Tvil) Guneuds 4.3 ussviafl 13-22) nthuesdsu
usilvualy WERIM-tree TnsAnihmiinesusazsiensanunnlutos ndsndunouaniine
Y93 uReUAS DBscanning a¥14Su WFRIM-tree Feustazlnunly WFRIM-tree 1usionns

wUedy (candidate single item) (na3fe T1en1sdAimdnativayulaeUseann = a,,)
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Algorithm 4.3 DBscanning
Input: TDB, 0,, 0ys
Output: WFRIM-Tree, WFRIs

: create a WFRIM-tree with root R.
: create a node of item 7; € I and set to be a child of R
: for each transaction ¢, in TDB do
for each item i, in transaction ¢, do
collect(IWS™, p, lo')
s% gt 41
ri — max(ric, p — lo')
(if t, is the first transaction containing ix, 7 < p)
8: lo' «p

NG

9: for each node of item i; in WFRIM-tree do
10: 7% + maz(r'*,m — lo')
(where m is the tid of the last transaction of TDB)
11:  if r** > g, then
12: remove node of i; out of WFRIM-tree

13: repeat

14 GMAXW <« maz(wi,, Wiy, - - -, Wi )

15:  for each node of item i; in WFRIM-tree do
16 ows™ — GMAXW x s*

17: if ows™ < g, then

18: remove node of i; out of WFRIM-tree
19: else

20: wsh Wi, X st

21: WFRIs + WFRIs Uiy if ws™ > oy

22: until R does not have a child node with w;; = GMAXW
23: reorder child node of R by weight descending order

4.1.2.1 WFRI-mining

Tun1sAunens1I8NISHaaNsVUINT k + 1 JunaudstazinisyinauwuuIY

ad A

UL WFRIM-tree 918 9la3UaNTUABUIS DBscanning (TUnouid 4.3) 13 NAUILVINNIT
f915151en13ng wdulnuagnvesinuasin R dvuailu H andunvuald U 10u
U= X-i,Aownsiensifiarsaitudagtulaed X {Juwesenisiionsanneuniiuas

i, € H (unauds 4.4 ussvindl 1-3) lneduneuusniagyinsmuinmaniminiuingaues

'
a

WATIENITNRAITUT (LMAXW) ivuali Y = X - i, 1 i, Aowwnsign1sianluann i, uas

q

' v
6 a a v v

iy € Huazimualyl Z = i, - i; ABUAI18N1IHaanSANNT0 Asdy LMAXW 13150

. WX XD +wy +w; & aa o o . .
Aulalas LMAXW = w? = |X|+zl” 4 (§unpuls 4.4 USSVAN 5-7) Aouvin

nsdumesiunduszning IWSY uwag IWSY wiedativdayanisusinguenensnenis Z u

IWSZ uginsAuiiA1atiuayuwasAIANEdLaNevassnsIenIs Z 1lasuainesns

N15AUMT (Lookup table) (Tunowid 4.4 ussvinyl 8-10) InUuAmEnadvayy ws? ay
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1 1

anAwiilag ws? = w? x s? franmnuaiiane rZ desnimseminfuadauuiainy
asiaue (a,) unzAtmiinaifuayy ws? fefiunniwiewhifuedauisimdnaiuayy
(0,,5) WANNUAVBLIATIAT Z %gﬂa%"}ﬁu%q%ﬁwmﬁmﬁu IWS? yazdoulesluidu
uAgnveawnsens U uagiensienis Z %Qﬂ%’mﬁmﬂumaé’wémmL%mwmsﬁﬂmﬂg
Ussuavainanenigldmstunadindnanudidyveusarsienis sgaslsinudne
anuasiiane rZ dendisnnniadautinnuasiae (o,) uierniminatuayy ws? i
@i'}ﬁﬁaaﬂ'j'}@h%LLﬂﬂﬁf’]wﬁ’ﬂaﬁ’uaw (0,)5) WAITNBNITATAIINTIOANS i, 3£NAATAN
JunhsensiuariimanuainatellinnniAdaulsrnuasiiate (o,) wazAmin
aduayuiilidosniiadauusniminatuayu (o,,) Gureuds 4.4 vssindl 11-19)
Mé’qa]Wﬂﬁ?u%ﬁ’]ﬂ’ﬁﬁmimﬁwﬂ'ﬁﬁﬂﬂﬁmﬁaaqﬁlu H annsafvualadu
WRsIEn1s VAV = X - lq WREWININYNIT Z = i)~ I Aolwns1on1snadnsainasan
(Funewds 4.6 ussiiafl 15-16) ey IWS? gunsarmaildlnensdunesiendusening
IWSY way IWSY udrduamiatuayulaganuaiianevosenienis Z flduan
P159NTEU (GuReuds 4.4 vssedl 17-19) andurinsduameadminatuayy
TagUszuia (ows) 90349as18015 Z 4 saru1saniulialeain ows? =
LMAXW x s% (Supeuds 4.4 ussvind 20) dreneuasinaue 2 efitesnidemiiu
Adautsanuasiiaue (o) uagAdminatuayulasuszana ows? danfiuinniivde
Lvhﬁ’wiﬁmmmfmﬁfﬂaﬁuaw (0,,5) WEWNNITESIUATELYRTIENTS Z BeaLiU TWS?
LLé’aﬁfmmG’?{amImlﬂLﬁuiuumqﬂmammwms U (§unouds 4.6 ussiiail 21-22) siounvin

N1INATUHATNEVOLATIENTIAENsAIMATnaTuayy ws? Feazgnatuinlag

s g WXDtW Wy gAY s ¥
ws? = s% X X2 oA mtnadvayy ws? dennlidesnitAdawdsuiniin

aduayu (o,5) wdens1en1s Z azgniniuilunadnsvenensienisiivsnguesuas

dianeneldnstnuasimiinauddyvesuiarsenis (Funeuda 4.4 ussving 23-
25) ilevhnsfiansansionislu H sanunudy onlruagnIetensens U d31mamuinnnin
1 Tnuslsfvmsfiansanuuuiug iudunouds WFRI-mining winlnuagnueens1ents U
fiswufivesnimiewingu 1 Tnuslivhnsauluunvessnsionis U LLazImmqﬂﬁgwm

YWWATIINS U 99NNNISRASUNLY WFRIM-tree (FUnDUIS 4.4 USSVAN 26-29)
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Algorithm 4.4 WFRI:mine
Input: WFRIM-Tree with root R, 0., 0ys
Output: WFRIs

1: X < 0 and wX <0
2: mining (node of R, X, wX, 0., 0us)

Procedure mining (node of H, X, wX, 0., 0.4s)
3: for each child of H with itemset U = X -4, do
repeat
Y = X -4, is the itemset of another child node of H

4
5
6 Z X-ip-ig
X
T LMAXW ¢ w? ¢ (X
8
9

IWS? « intersect(IWSY, IWSY)
: %« lookup-r(IWS?)
10: s% « lookup-f (IWS?)
11: ws? — w? x %
12:  until rZ < o, and ws? > gy
13:  create a node for itemset Z with its information and then set to be a child node of U

14:  WFRIs + WFRIsU Z
15:  for each child node of H with itemset V' = X - ¢, do

16: Z =X ip-ig

17: IWS? « intersect(IWSY, IWSY)

18: %« lookup-r(IWS?)

19: sZ « lookup-f (IWS?)

20 ows? — LMAXW x s%

21: if 74 < 0, and ows? > 0,5 then

22: create a node for itemset Z with its information and then set to be a child node of U
X

23: ws? « sZ x ((w X‘T)‘()It:;ierwiq)

24: if ws? > o, then

25: WFRIs < WFRIsU Z

26:  if U has more than one child then

wXX\X|+wip

27: mining (node of U, U, —XET ) O Ows)
28: else
29: remove U and the child of U out of WEFRIM-tree

4.2 frpdredmIuisnsAunieasenisiiusinguesuasaduauanieldnis
fvuasniminauddyveudazsienislaeldlaseadraudanguisadu
U9

Avusliguteyansuuenduiisiuu 80 nsunendu fesznouludesens
a,b,c,d,elag f LaTANSNANIMTNUDILAAZII8MS UARITINTNT 4-6 § 9TANTauLs

Wminatiuauy g, WU 4.0 wazAliauuinuadiaue o, 1y 20
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tid item

1 la, c, e

i5 [b.c.d. L. g

16 _|a, b7 €, f g

32 a, b,‘é e, I, o

35 [b. d. g

19 (a. b, c e o item| weight

50 [a, b, c,e g a 0.75

b 0.65

55 |a, b, d, e [ 0.65

d 0.4

70 Ja, b,c,d, e, g e 0.7

71 Ja, b, d, e f 0.5

g 0.6
A transactional database Weight Table

A9 4-6 PrudeyansunsndulazanseAnn
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IWSe lngnungiaansiuuendu 1 (sneagideanisinnununaaensiusenduidulasasig
wtsngudsadugag (ws) vssensliluduneuis 4.1) suuiatuayu aeuasiae
wardafumneiausuuenduaniineiisens a, c uar e Unnglundsandmanudang|d
Fannd 4-7

AN 4-7 WFRIM-tree Ra93N@ UnNsIuLenty ¢,

TUABUNITEUFIUTOLAUALTNANAIAN 9 VDILAALIIYNITILVINAUATUNNNTIU-

wentulugiudeys asaneugutoyansulaazlnsu WERIM-tree UaRIRINTIAN 4-8
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TWS"{(1<32769,32768>), ) Tws{(1<16385,32768>) Twss{(1<49152,32768,
(4<67,96>)} (4<3,32>)} 4,3,32>)}

]b by =9, r b:16,
Tws {(1<49152,32768,
4,67,96>)}

Tws{(1<16384>),

f
1<49152,32668>
(3etorgoy /) sl )

M9 4-8 WFRIM-tree ¥a991n81UgUT0LAATUNNNTIULINTY
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ANUURIITUIAIANUALLAUDVDILAALIIUNNT b WFRIM-tree (AANUaLLELD

Auandlaann 4 nsdiinanlisuuy) Tunmd 4-8 aviiulaiAanuaiauevesenis f

(r') fiandu r/ =48 FaflmunninAdauliniuadngus o,=20 Asulausiens f oon

91N WERIM-tree WandianIni 4-9 TunausiauImuIumAdmEniunandamiuialaain

ANNTINTNINEATD9518NTNIMLA (518N15TVRERLNAIIINNTFREBNAIEANTALUIAIY

aiawe) satuaniminiuingn GMAXW =max(w? w?, w,w%, w?, w9) = max(0.75,

0.65, 0.65, 0.4, 0.7, 0.6) =0.75 n&1a1nlAAIUMTNNNINGAL IDEVINNTAILINALINTN

aduayulaeUszuin ows Y99uAaZI18A159INAINT 4-8 9zLiiula 31518015 d TA7

ows?=0.75 x 5 =3.75 FellAteunitAdanisdmtinaiuayu o,,,=4.0 39auT18n15 d 8on

1N WFRIM-tree Uansen i 4-9

s'=8, r*=17,
TWS"{(1<32769,32768>),
(4<67,96>)}
b b =9, r 216
ws {(1<49152,32768,
4,67,96>)}

g =7, 1°=20,
1ws®{(1<49152,32768,
4,3,32>)}

c s°=6, r°=20,
Twsd(1<16385,32768>)
(4<3,32>)}
d sLs, vt
s H{(1<163843),
(3<4,64,96>)}

e s°=8, r=17,
)| (tws®{(1<32769,32768>),
(4<67,96>)}

WS =19152;32668>7}

— eliminated by, - - eliminated by g,

AT 4-9 WFRIM-tree $a931naus18n1ANAY 7 > 0, WazauTen1sid ows < oy

ANUULS IR UBARE 18NS WFRIM-tree anauvununnlUtsedeazlaansau

Wy a, e, b, c, g uansianIng 4-10
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a s°=8, r*=17,
TWS"{(1<32769,32768>),
(4<67,96>)}
e =8, r'=17,
WS {(1<32769,32768>),
(4<67,96>)}

]b bs =9, r }):16,
Tws {(1<49152,32768,
4,67,96>)}

C =6, 1°=20,
Tws{(1<16385,32768>))
(4<3,32>)}

g Sg:77 rgZQU7
Tws®{ (1<49152,32768,
4,3,32>)}

AN 4-10 WERIM-tree n&1nautume DBscanning
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aﬁ']Lamamefléfﬂﬁiﬁmum@hﬁmﬁ’ﬂmmé"}ﬁmmLwiazi']ami lesanfidnaruainaue
ree=17 FafepninaAdautsnnuaiiane o,=20 uagArminatuayy ws®=58 dq
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va4l9un a (na1Aolium e LanIdaenI1enIs ae)

M3 a YNNTUNTINAUTIEAT b \Weasaensemsfifvunelnatu
Juensenis “ab” wdwhnsduneswndusewing IWS® uag IWS? wiead1a IWSD
dmsuiafudeyanisunnguensnens ab Jseansadualeidu IWse=((1(32768,
32768)), (4(67, 96))} LLé’aﬁfmfliﬁ’mmmmflmaﬁflLamaLLazmaﬁuaumaaLsﬁmwmﬁ ab
nmsenshunm b du re =17 uay sP =7 audriu seuvnnsInT AT

avvayulagUszuins (ows) ¥818A1801T ab F9a1u15aA1UINlA N ows?? =
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LMAXW x s% = 0.725x7 = 5.075 \fJosamnannuasiiaueveaansienis ab Sadives
ATIAT AL UIALEL LS 0, =20 wazfladminlneUszanai ows®= 5.075 aunnin
Adautsthvnatuay o,.s=4 fsiuliairdlvun b lnsdeuledlussnuagnuodvun a
(naAalnum b uaAIdITRNIIBNIT ab) HNYIINITNIITUINARNTVDILTATIBNIT ab 1ng
miﬁwmmmﬁmﬁﬂaﬁuawﬁ%qmmmﬁ'}mmlé’tﬂu ws = wb x s = @ X7
- 4.9 rewgiiensiens ab Jaduwensemsiivinguesuarasaueniglinisimune
dmiharuddyuetusazsiens iewnilmauainaue re =17 ufesniiAdaus
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AMIMTUNIATIENTIATAIINEATIENT b 2zl nsvigadadaed1aiina1aun
Fradusiu illovhnisfinnsamnseniaaiiunds dlvusgnuesensients a f5iuan
11NN 1Iﬁuﬂiﬁﬁ’m’liﬁmim’lLLUU’JWZ?’]IHIMHG]QWUE]%’lEJﬂ’li a mudunouls WFR-
mining UANMIMUAYNUDUIATIENT @ fifnuiidesniviewitu 1 Tnualivhnisaulnun
VOIUIATIINT @ LLﬁﬂMUﬂQﬂﬁgﬂMmm%mLGZIGIS’lEIﬂ’li a 99n91NN15N158d LU WFRIM-tree

WAaIINISRINTUITIEANT e wagNaTUISI8NISNOAlUAINTIBATT e LanIRInIng 4-11

a s=8, =17,

TWS"{(1<32769,32768>),
(4<67,96>)}

g s°=5, r®=20,

WsSH(1<32768.32768>),
(4<3,32>)

b =7, 1'=17,

Tws"{(1<32768,32768> ),
(4<67,96>)}

— eliminated byo, - - eliminated by g, O skipped

ANA 4-11 NFEUUMTTUNMSAUNINAENSNTUIINYIINAUIIENTT a

INFDENNLAAIUIIPUY LLIBYIN1TRAsNSIwNsRaruanelL WERIM-tree agla

HAANSURIENTIEN1INUTINUoLAz A Lane 18 1laNs AuAAI TN AUEIAY YO IuA
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Retail agdimsldnhesaudifisdudntionidiefidnuimmaiaueiutuuargudeya
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Abstract—Frequent-regular itemsets mining has been explored
and proposed to find interesting itemsets based on their own
occurrence behavior. Traditionally, an itemset is identified as
interesting, if it occurs frequently and regularly in a database.
However, this task only considers items without defining differ-
ence or significance of each item which may affect the missing
of important/interesting knowledge in real-world applications.
To address this issue, we introduce an approach on mining
weighted-frequent-regular itemsets, (also called mining WFRIs).
To mine WFRIs, a tree-and-pattern growth based algorithm
called WFRIM (Weighted-Frequent-Regular Itemsets Miner) is
proposed. An FP-tree like structure named WFRI-tree is designed
to efficiently maintain candidate itemsets during mining process.
The concept of overestimated-weighted-frequency of items/itemsets
under global/local maximum weight is also applied to early prune
search space. Experimental results on synthetic and real datasets
show efficiency of WFRIM in the terms of computational time,
memory consumption and capability to find valuable itemsets.

Keywords—data mining; association rules; itemsets mining;
[frequent-regular itemsets; weight of importance

I. INTRODUCTION

Mining interesting itemsets/patterns from databases plays
an important role in many real-life applications (such as retail
business, DNA analysis, mobile commerce, elder behavior
analysis, financial analysis, telecommunication industry, etc).
These itemsets can help to aid managers and/or decision mak-
ers to create efficient strategic plans and strategies. The first
proposal on mining interesting itemsets is frequent itemsets
mining (FIM) [1] which focuses on discovering itemsets with
high frequency of occurrence. From [1], FIM is extended
into several aspects such as FIM on incremental database/data
streams, frequent-closed itemsets mining, maximal frequent
itemset mining, top-k FIM, and so on. Recently, frequent-
regular itemsets mining (FRIM) is one of the most interesting
approaches on mining interesting itemsets (patterns). The main
objective of FRIM is to discover itemsets that frequently and
regularly occur in database (meet user-given frequency and
regularity thresholds). Since the proposed in [2], FRIM is
extended and improved into several aspects such as FRIM on
incremental database or data stream [3], [4], top-k FRIM/top-k
closed FRIM [5], [6], high utility-regular itemsets mining [7],
[8], and so on.

Traditional FIM and FRIM assume that items have the
same significance without taking into account of their weight
of importance. However, in real-world applications, items can
have different degree of importance (also called weight of im-
portance). For example, the itemset “wine, salmon” generated
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from a retail business might be more important than the itemset
“bread, milk”, if they have the same support or the former has
a lower support. The reason is that the first itemset usually give
more profit and/or cost than the latter one, but the standard FIM
and FRIM simply ignore this difference. To address this issue
on FIM, Wei Wang et al. [9] proposed an approach for mining
of weighted association rules (WAR) by allowing a weight
to be associated with each item to react interest/intensity of
each item. Since 2004, there are several extensions of WAR
such as mining WAR using weighted support, weight range,
length-decreasing support and over data streams ([10], [11],
[12], [13], [14], [15], [16]). However, the existent approaches
only focus on the term frequency which may not sufficient to
find interesting itemsets under various aspects of occurrence
behavior.

From the above issue, we propose to discover frequent-
regular itemsets with user-given weights of importance on
items. A problem of weighted-frequent-regular itemsets mining
(also called WFRIs mining) is thus defined. To mine WFRIs,
an efficient tree-based algorithm named WFRIM (Weigthed-
Frequent-Regular Itemsets Miner) and a FP-tree like struc-
ture called WFRI-tree are designed and introduced. In addi-
tion, the concepts of global/local maximum weight and an
overestimated-weighted frequency of an item/itemsets [10] are
applied to prune search space. Experiments on synthetic and
real datasets were conducted to investigate performance of our
proposed WFRIM in the terms of computational time, memory
usage and number of discovered itemsets.

II. PROBLEM STATEMENT

In this section, we first describe basic notations on regu-
larity of itemsets as in [2], [5]. Then, a weighted-frequency
of an itemset is defined in the same manner as [14]. Last,
we introduce definitions and the problem of mining frequent-
regular itemsets based on inequality of items’ importance.

Let I = {iy,io2,...,i,} be a unique set of items in
which each item i, € I has a non-negative real number w;,
expressing its weight of importance. A set X = {ip,..., 14},
where 1 < p < ¢ < n, is called an itemset, a pattern or
a k-itemset if X contains k items. A transaction database
TDB = {t1,ta,...,t;,m} over I is a set of m transactions
(i.e. |TDB| = m) where each transaction ¢; has j as its
unique transaction-identifier or time-stamp (called #id for short)
and contains a set of items Y. If X C Y, it can be said
that X occurs in transaction ?; or ¢; contains X. Last, an
ordered set of transactions containing X can be defined as



X ={j,k,...,1} where j,k and | € [1,m] expressing a tid
of transaction containing X.

A. Regularity of an itemset and a frequent-regular itemset

The regularity of an itemset X (denoted as r~) can be
defined as the maximum gap of consecutive transactions that
X appears at least once. For example, if r* = 4, it can be
concluded that X occurs at least once in every four consecutive
transactions.

The regularity of X on the transaction ¢; containing X
(7"t ) can be calculated in the followmg three cases: (i) if tj is
the first transaction containing X, rt is set equal to k& which
is the first gap of consecutive transactions, start from 0 to k,
containing X, (ii) if £} is ordered after another transaction t;
containing X and there is no transaction ¢, where j <y < k,
rt)i = k — j expresses the gap of consecutive transactions
between t; and ¢, containing X, and (iii) if ¢ is the last
transaction containing X, r;fg = m — k (where m is the
total number of transaction in database) indicates the gap of
consecutive transactions that X absences from database since
its last occurrence in transaction tg, respectively.

From the three cases above, the regularity of X in
transaction database TDB can be computed as X
ma:z:(rg(,rff,.. T i), where j k1 € [1, m} are in the
ascending order (Notice there are two times of 7; following
case (ii) and (iii)).

An itemset X is called a frequent-regular itemset if (7) its
support s = |TX| is no less than the user-given support
threshold o, and (ii) its regularity 7% calculated as above
is no greater than the user-specified regularity threshold o,
respectively.

B. Weighted-frequency of a frequent-weighted itemset

With the set of items I = {iy,i2,...,4,} and a corre-
sponding set of weights W = {wy,ws, ..., w,}, a weighted-
frequency of an itemset X C [ is the production of the average

weight of all items in X (denoted as w™X ) and the

X|
support sX of X which can be defined as w f& = wX x X
Based on the concept of weighted-frequency, an itemset X is
called a weighted-frequent itemset, if its weighted-frequency
wfX is no less than the user-specified weighted-support
threshold o,;.

Lpex

To early prune search space, Tao et al. [10] pro-
posed the concepts of global maximual weight (denoted as
GMAXW maz(w™, ..., w")), local maximum weight
i ey WY maz(w'e, ... w')
(defined as LMAXW = =

Y]+1

where Y is an itemset from previous considered iterations
and w’ ... w' ¢ X) and an overestimated-weight-frequency
of an itemset (calculated as owfX = GMAXW x s¥X or
owfX = LMAXW x s¥), respectively. With these concepts,
an itemset X is identified as a weighted-infrequent itemset if
its overestimated-weight-frequency ow fX is less than the user-
given weighted-frequency threshold. Then, the itemset X and
all of its supersets can be eliminated from consideration, since
they cannot give high weighted-frequency and be interesting
itemsets.
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tid item

1 |a, b, e d

2 |c, e f

3 |a,b,e f, g item | weight
4 |a,b,c, f, g a | 0.6
5 |d, e g b | 0.5
6 |a,b,c e g c | 0.35
7 la, b, c, e d | 045
8 |a, b, d, e e | 045
9 |b,c,e f 103
10 |a, e, g g 104

A transactional database =~ Weight Table

Fig. 1: An example of retail database

C. Mining frequent-regular itemsets under inequality of items’
importance

From the concept of regularity and weighted-frequency, we
can define the problem of mining frequent-regular itemsets
based on user-given items’ weights of importance as the task
of mining a complete set of itemsets that having weighted-
frequency no less than the user-given weight-frequency thresh-
old, and having regularity no greater than the user-specified
regularity threshold.

III. PROPOSED METHOD

In this section, we here introduce an efficient algorithm
named weighted-frequent-regular itemsets miner (WFRIM)
used for mining frequent-regular itemsets with user-assigned
weights of importance on items. A FP-tree-like structure,
called WFRI-tree is utilized for maintaining candidate itemsets
during mining process. The concept of global and local maxi-
mum weights is applied to hold downward closure property [1]
which can help to early prune search space. WFRIM has two
main steps i.e. 1) WFRIM-initialization—scanning database to
create a header table and WFRI-tree, and 2) WFRIM-growth—
finding a complete set of weighted-frequent-regular itemsets
based on pattern growth concept.

A. WFRI-tree and header table

WFRI-tree is a FP-tree-like structure linked with a simple
list of single items also called header table. As shown in Fig. 2,
each entry of a header table is for an item which contains 5
information: i) item-name, ¢ , ii) support of 7, %, iif) regularity
of i, %, iv) important weight of 4, w', and v) a horizontal link
to nodes in WFRI-tree with item i, [?, respectively. Meanwhile,
WFRI-tree contains paths in which each path indicates an
itemset occurring in transactions. In each path, there are two
types of nodes i.e. i) internal node containing item-name, a
link to its parent and links to its children, and ii) leaf node
storing the same information as internal node with a list of
tids that the itemset occurs. For example, WFRI-tree in Fig. 3
contains only one path of an itemset occurring in transaction
t1 of Fig. 1. Nodes in the path are sorted by ascending order
of item’s weight which causes the nodes of items ‘c’ and ‘b’
are internal nodes and the node of item ‘a’ is a leaf node with
tid 1 of t1. Each node in WFRI-tree is also linked with an
entry (with the same item name) in the header table.
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Header table H
after scanning tyg

Header table H
after scanning t1

Header table H
after scanning t2

— eliminated byo, - - eliminated by ¢4

Fig. 2: WFRIM-initialization

B. WFRIM algorithm

1) WFRIM-initialization (see Algo. 1): Given a transac-
tional database with weights of importance on items (as in
Fig. 1), a weight support threshold o, be 2.0 and a regularity
threshold o, be 4, respectively. WFRIM-initialization is to
discover wighted-frequent-regular items and to create WFRI-
tree for further mining. A header table H is firstly created
and initialized to capture essential information of single items.
The input database is scanned twice. From the first scanning
(line 2-5), each transaction ¢; is sequentially read and each
item i, € {; is considered to update its support s'» and regu-
larity r'». For example of Fig. 2, the scanning of transaction
t1 = {a,b, ¢, d} results in updating of supports and regularities
of items ‘a’, ‘D’, ‘¢” and ‘d’ to be 1. For the transaction
to = {c, e, [}, the support s¢ of item ‘¢’ is updated to be 2,
the supports of items ‘e’ and ‘f” are initialized to be 1 and the
regularities of items ‘e’ and ‘f” are set to be 2 (Noted ‘e’ and
‘f” firstly occur in to, then the current maximum regularity is
2). The reading process is repeated for all transactions in order
to update supports and regularities of items. After scanning all
transactions, regularity of each item is considered and item ‘f’
is observed that it has regularity greater than the regularity
threshold. Then, item ‘f” is removed from H (i.e. item f’ is
identified as an irregular item which cannot be or be a part
of WFRIs). Next, all items in H are ordered by ascending
order of their weights and the global maximum weight is
then calculated as GMAXW = max(w®,w®, ... wiH) =
max(0.35,0.4,0.45,0.45,0.5,0.6) = 0.6. Then, an overes-
timated weight frequency of each item i, € H, owf =
GMAXW x s'», is computed as owf¢ = 3.6,owfI =
3.0,owf? = 1.8, owf® = 4.8, 0w f’ = 4.2, and owf® = 4.2,
respectively. Then, item °‘d’ is eliminated from the header
table with since its owf? = 1.8 is less than the weight-
support threshold. WFRIM-initialization then recursively calu-
cates global maximum weight and a weight frequency of each
item (line 10-16), if all items having weights equal to GMAXW
are removed out of H (Notice this recursive process can
help to quickly prune search space which can help to save
computational time). Last, items ‘c’,‘g’,‘e’,’b’, and ‘a’ are then
identified as a weighted-frequent-regular item and collected as
a result in WFRIs, since their weight-frequencies (actual) are
not less than the weight-frequency threshold.

For the second scanning (line 20-31), the root node R of
WFRI-tree is firstly created and initialized. Each transaction
t; is sequentially scanned and each item 4, € t; is then
considered and eliminated from t;, if there is no existence
of i,’s entry in the header table [. Next, all remaining items
in t; are sorted by the order of H. Last, a path of items in
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Algorithm 1: WFRIM-initialization
Input: TDB, 0., 0us
Output: WFRI-Tree, WFRIs
1: create a header-table H with an entry for each item i, € I
2: for each transaction ¢; in TDB do
3:  for each item i, in transaction t; do
add support s'7 in the entry of i, of H by 1
calculate regularity r'» in the entry of i, of H by ¢;

4

5

6: for each item i, in H do

7. if r* > o, then

8 remove the entry of i, out of H

9: sort all items in H by ascending order of their weights

0: repeat

1:  calculate global maximum weight of all items in H,
GMAXW = maz(w™,w®, ... wiH)

12:  for each item i, in H do

13: calculate overestimated weighted-frequency of iy,
owfir = GMAXW x s'r

14: if owf < 0,, then

15: remove the entry of i, out of H

16: until all items with weight equal to GMAXW are not removed from H
17: for each item i, in H do

18:  calculate weigthed-frequency wf'» = w' x s'»

190 WFRIs < WFRIs Uiy, if wfv > 0,5

20: create and initial WFRI-tree with a root node R

21: for each transaction t; in TDB do

22:  remove item i, € t; such that i, ¢ H

23:  sort t; as the order of H

24:  temp < R

25:  for each item i, in transaction t; do

26: if temp does not have a child node with i, then

27: create a new node Z for i,, set Z as a child node of temp,
and link Z with node-link of i, in a header-table

28: temp < Z

29: else

30: temp < the child node of temp with i,

31:  collect tid j in T of temp Z, T'» + T'» U j

t; is created with a tid j at the leaf node (Notice if there
exists a path of the itemset similar with ¢;, a new path is not
created but a list of tids at the leaf node of the existence path
is updated by j). For example, item ‘d’ is firstly eliminated
from transaction ¢; and the remaining items are ordered as
‘c’, ‘b’ and then ‘a’, respectively. Then, a path of ‘c, b, a’ is
created in WFRI-tree with tid 1 at the node of ‘a’ (as shown
in Fig. 3). For transaction t2 = {c, e, f}, item ‘f’ is removed
and its order is ‘c’, and then ‘e’, respectively. A path of ‘c, e’
is thus created in WFRI-tree where the node of ‘e’ contains
tid 2. After scanning all of database, we gain WFRI-tree as
shown at the bottom of Fig. 3.

2) WFRIM-growth (see Algo. 2): To mine a complete set
of WFRIs from WFRIM-growth, a pattern growth is recursively
applied on WFRI-tree. First, itemset X is defined as a set of
previous considered items which is set to be ) at the beginning.
WFRI-tree is investigated that whether it contains only one path
(also called single path). If the tree contains only single path
of itemset P, each subset of P is considered and its weighted
frequency is then calculated to identify WFRIs. Otherwise,
each item in the header table H (starting from the bottom
one, as in the example is ‘a’) is firstly considered and a new
header table H® is created to maintain single items occurring
with ‘a’. The link from H to nodes of ‘a’ in the WFRI-tree is
then regarded. For each node of ‘a’ in the link, its ancestors are
visited in order to collect their occurrence information (used
for calculating its regularity) and to compute its support. For
example, as shown in Fig. 4, the node of ‘a’ (the leftmost
one with #id 1) occurring with items ‘c’ and ‘b’ is considered.
Then, tid 1 is then collected in tidlist (i.e. list of tids) of entries
of ‘¢’ and ‘b’ of H® and supports s¢ and s® are then initialized



Algorithm 2: WFRIM-growth

Input: WFRI-Tree,0,,0.s

Output: WFRIs
1: X < set of items considered from previous iterations (at beginning

X < 0)

2: call WFRI-growth (WFRI-tree, X =0, or, 04s)
3: Procedure WFRI-growth (WFRI-tree with H, X, 0, 0ys)
4: if WFRI-tree contains only one path P then
5. for each sub-itemset Y of path P do

o'k
calculate weighted-frequency wfY = Z%‘Ef‘/‘“

6 x s¥ of Y
7: WFRIs < WFRIs Uiy, if wfY > 0y

8: else

9

for each item 4, in the header-table H (in bottom-up manner) do

create a new header-table g to store all items in H except item i,
11: for each node n'» linked with node-link of item ip in the header-table
H do
12: Y <+ the set of items in the same path with n'»
13: for each item i, € Y do
14: update T of entry i, of H'» by T of n;,, T" < T'« UT"»
15: for each item i, in H*» do
16: compute i from T of entry i, of H'r
17: remove the entry of i, out of H'» if rs > o,
18: repeat
19: calculate local maximum weighted as )
LMAXT — Zz)eX w' 4+ w'r + maz(w', ..., w'=) here
| X|+2
Gy yis € Hiv
20: for each item i, in H'» do
21: calculate overestimated weighted-frequency
owf's = LMAXW x s
22: remove entry i, out of H' if owf' < oy
23: until all items with weight of importance equal to LMAXW are not
removed from H'r
24: for each item i, in H'» do
25: calculate weight-frequency
o YexwY w' ' )
wfle =—"""— x5
| X]+2
26: WFRIs <~ WFRIs U (X Ui, Uig) if wf's > oy
27: create and initial a new WFRI-tree with Z as root
28: for each node n'» linked with node-link of item i, in the header-table
H do
29: temp < Z
30: Y < the set of items in the same path with node n'» in which each
item i, € Y has an entry in H
31: for each item i, € Y do
32: if temp does not have a child node with i, then
33: create a new node X for iy, set X to be a child node of temp,
and link X with node-link of i, of H'»
34: temp < X
35: else
36: temp < the child node of X with item i,
37: update T of temp by T'» of n'», T « T" U T"
38: U < the parent node of n'»
39: update TV of U by T of n'», TV « TV U T
40: unlink n'r from node-link and remove node n'r out of WFRI-tree
41: call WFRI-growth (new WERI-tree with Hir, X U ip, Opy Ouws)
42: remove entry of i), out of H

by 1. Next, the node of ‘a’ with tid 3 occurring with ‘g’, ‘e’
and ‘b’ is then considered. The tidlists of ‘g’, ‘¢’ and ‘b’ in
H? are thus updated as 79 = {3}, T° = {3} and T® = {1, 3}.
Meanwhile, their supports are updated as s9 =1, s® = 1 and
s® = 2, respectively. After investigating all nodes of ‘a’, we

gain the up-to-date header table H“.

To prune search space, items with regularity greater than
the user-defined regularity threshold o, are removed from H¢
(from downward closure property in [2], these items and their
supersets are irregular itemsets). The local maximum weight
is thus computed as in line 20. Then, the overestimated-
weight frequency of each item in H® is thus calculated. For
each item i; € H®, if its overestimated-weight frequency
owf' = LMAXW x |T"%| is less than o, the entry of 4; is
then removed from H® (based on downward closure defined
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Fig. 3: WFRI-tree created from a transactional database
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Fig. 5: WFRI-tree® having ‘a’ as prefix

in [1], the itemset X UaU1; and its superset cannot have high
weighted-frequency). The calculation of LMAXW and ow f"
of each item i; are then repeated, if all items with maximum
weight of importance are removed from H“. Next, each item
i; € H® is considered again. Its weighted-frequency is then
calculated as in line 26 . If wf% is not less than o, the
itemset X Ui, Ui; is then identified and collected in set WFRIs.

Next, a root node of a new WFRI-tree related with items
ocurring with ‘a’ is then initialized (denoted as WFRI-tree®).
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Each node of ‘a’ (with its ancestors) in the WFRI-tree is
traversed again. Ancestor items do not having entries in H¢
are removed from consideration and then a path for remaining
ancestor items is created in the WFRI-tree® in which a tidlist of
node ‘a’ is added to the tidlist of the leaf node. A tidlist of node
‘a’ in the WFRI-tree is moved and merged with its parent and
the node ‘a’ is removed from WFRI-tree. After completing the
second traversal of all nodes of ‘a’ in WFRI-tree, we gain the
WFRI-tree® containing itemsets occurring with ‘a’ (as shown
in Fig. 5). As in Fig. 6, WFRIM-growth is then recursively
consider a new WFRI-tree® with a prefix itemset X = XU a. It
then creates the header table H and WFRI-tree®® to consider
longer WFRIs (as shown in Fig. 7). This process is repeated
until the current considered WFRI-tree’X contains only single
path or all items in the current considered header table H'r
are considered. At the end of WFRIM-growth, the set WFRIs
contains a complete set of weighted-frequent-regular itemsets.

IV. EXPERIMENTAL RESULTS

In this section, we investigate performance of WFRIM
by using 3 bench mark datasets as detailed in Table I.
T10I4D100K 1is a synthetic sparse dataset generated by IBM
almaden generator. Meanwhile, mushroom and chess are
real dense datasets downloaded from http://fimi.ua.ac.be/data/.
Since weights of importance of items are not provided in these
datasets, we have random them in the same manner as [9],
[10], [12], [17] ranging from 0.1 to 0.9. Three experiments
were designed and conducted to observe computational time,
memory usage and number of discovered itemsets under the
same parameters setting as [2], [10]. The proposed WFRIM
is implemented on Python and run on a macbook pro with
OS X El-Capitan, CPU speed at 2.4 GHz, RAM 8 GB. Based
on the best of our knowledge, there is no train of taught to
mine frequent-regular itemset based on consideration of items’
weights of importance. Then, there is no comparative study
in this paper. However, we then show the experiment in two
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TABLE I: Characteristics of datasets

Dataset No. of  Avg. transactions  No. of category
items size transactions

Mushroom 119 23 8,124 dense

Chess 75 37 3,196 dense

T1014D100K 1,000 10 100,000 sparse

aspects i.e. with and without assigning weights of importance
on the datasets (labeled with weighted and unweighted, re-
spectively).

As shown in Fig. 8, runtimes of WFRIM on the three
datasets are shown. With the variation of regularity threshold
(but a weighted-frequency threshold is fixed), WFRIM uses
more computational time as the threshold increase. The reason
is that with high regularity threshold, items/itemsets have
more chance to be regular itemsets, then WFRIM have to
take more time to consider items/itemsets with high regular-
ity. Meanwhile, the variation on weighted-frequency thresh-
old drastically causes increasing/decreasing on computational
time. With the high weighted-frequency threshold, there is
a large amount of itemsets prunned by the threshold. Then,
computational time were reduced (thanks to global and lo-
cal maximum weight and overestimated-weight-frequency of
itemsets). In Fig. 9, the memory usage of WFRIM on the
three datasets are illustrated. WFRIM consumes memory as
similar as it computational time. With the increasing of
regularity threshold, the number itemsets WFRIM have to
maintain also increase. This causes the increasing of memory
usage. Similarly, with the decreasing of weighted-frequency
threshold, WFRIM consumes more memory to maintain more
itemsets during mining process. Last, as shown in Fig. 10,
the number of discovered itemsets is also observed. With the
range of thresholds in this experiments, WFRIM can discover
appropriate set of interesting itemsets which can let users doing
further analysis.

V. CONCLUSION

In this paper, we have introduced an approach on min-
ing frequent-regular itemsets under user-given items’ weights
of importance. The problem of weighted-frequent-regular
itemsets mining (also called WFRIs mining) is thus de-
fined. To mine WFRIs, an efficient algorithm named WFRIM
(Weighted-Frequent-Regular Itemsets Miner) and a FP-like
structure called WFRI-tree are then designed. The concepts
of global/local maximum weight and overestimated-weight
frequency of itemsets are applied to early prune search space.
Experiments on synthetic and real datasets show that WFIM is
efficient in the terms of computational time and memory usage
and can discover valuable itemsets for further analysis.
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Efficient weighted-frequent-regular itemsets mining
using interval word segments structure

Kittipa Klangwisan*, Komate Amphawan’
Computational Innovation Laboratory, Faculty of Informatics, Burapha University, Chonburi, 20131, Thailand
Email: *kklangwisan @ gmail.com, Tkomate@gmail.com

Abstract—Recently, weighted-frequent regular itemset mining
has been introduced to discover interesting itemsets based on
observation of their occurrence behavior and difference of items’
importance. The weighted-support and regularity of occurrence
are applied to measure interestingness of itemsets. However,
with a large amount of items to be considered, the mining
process consumes high computational time and memory. Thus,
to efficiently mine such itemsets, this paper introduces a single-
pass algorithm, called WFRIM-IWS. The interval word segments
structure (IWS) is utilized for maintaining occurrence informa-
tion of each itemset. A new looked up table is designed to
quickly calculate frequency (weighted-support) and regularity of
an itemset from IWS. Moreover, to early prune search space,
the concept of overestimated weighted-frequency and global/local
maximum weights are then applied. Experiments on synthetic and
real datasets show that the proposed WFRIM-IWS outperforms
the previous algorithm in the terms of computational time and
memory consumption.

Keywords—data mining; association rules; itemsets mining;
frequent-regular itemsets; weight of importance

I. INTRODUCTION

Frequent itemsets mining (FIM [1]) is a fundamental
technique in data mining domain. FIM aims to discover
interesting itemsets that have high frequency of occurrence
in database. FIM currently plays an important role in several
applications such as retail business, web log analytics, mobile
commerce, biological data, financial analysis, etc. Since there
are several applications apply FIM to gain hidden knowledge
from database, FIM has attracted researchers and extended to
various aspects, for example, FIM on data streams [2], FIM
with big data [3], FIM with uncertain data [4], sequential
itemset mining [5], top-k frequent itemset mining [6], frequent-
regular itemset mining [7], [8] and so on.

From above, traditional FIM and all of its extension
assume that all items have the same significant and consider
items equally. However, in many real-world applications, items
usually have different degree of importance such as weight of
importance, profit, cost, risk, etc. For example, in a supermar-
ket, “yogurt, granola” are bought more frequent than “caviar,
vodka” but the latter one can give more profit than the first
one. To address this issue, the problem of weighted-frequent
itemset mining (WFIM) is proposed. An itemset with high
weighted-support (i.e. its frequency of occurrence multiplied
by its weight of importance) is identified as an interesting
itemset. As FIM, WFIM also has several extensions such
as WFIM on incremental databases [9], weighted sequential
pattern mining [10], WFIM over data streams [11] and so

978-1-5386-4015-9/18/831.00 @2018 IEEE

on. In addition, the task of weighted-frequent-regular item-
set mining (WFRIM) [12] is recently proposed to discover
interesting itemsets based on their weight of importance and
their occurrence behavior (in the terms of frequency and
regularity of occurrence). However, with a large amount of
items to be considered, the task of WFRIM consumes high
computational time and memory. Thus, there is a room for
improving efficiency of WFRIM’s algorithm.

Thus, in this paper, we here propose an efficient single-pass
algorithm named WFRIM-IWS (Weighted-Frequent-Regular
Itemset Miner using Inverval Word Segment structure) in order
to discover a complete set of weighted-frequent-regular item-
sets from transactional database. WFRIM-IWS applies several
concepts for increasing its efficiency i.e. (i) the global/local
maximum weights and the overestimated weighted support to
prune search space, (ii) interval word segment structure (IWS)
to maintain occurrence information of each item/itemsets,
and (iii) a new look-up table is designed and utilized to
quickly calculate support and regularity from [/WS structure.
Experiments were conducted on synthetic and real datasets
to show efficiency of the proposed algorithm in the terms
of computational time, memory usage and the number of
discovered itemsets, respectively.

II. PROBLEM STATEMENT

In this section, we first introduce basic notations on items,
weights of items, and transactional database. Then, definitions
related to a regularity, a weight-support and a weighted-
frequent regular itemset are described as in [12].

Let I = {41,42,...,i,} be a set of distinct items. A set
W = {wy,ws,...,w,} is a set of weights of importance of
items in which each w; € W (a non-negative real number) is
the weight of item i; € I. A set X = {i;,...,ix} C I, where
1 < j <k < niscalled an itemset, a pattern or a k-itemset if
X has k items. A transaction database TDB = {t1,ta,...,tm}
is a finite set of m transactions in which each transaction ¢,, is a
tuple of (p, V') where p is a unique transaction identifier (called
tid for short) and Y C I is an itemset appearing in transaction
t;. For an itemset X, if X C Y (where Y € ¢;), it can be said
that X occurs in ¢; or ¢; contains X, denoted as 5% (i.e. the j*"
transaction in TDB contains X). Then, all occurrences of X
can be defined as a set TIDX = {pX,..., ¢~} of ordered tids
of transactions containing X . Last, the frequency of occurrence
of X (also called support) can be defined as s = |TIDY|
which is the number of (#id of) transactions containing X .



Definition 1 (A Regularity of an itemset X ): The regular-
ity of an itemset X can be defined as the maximum number
of consecutive transactions that X does not occur in database,
denoted as X = max(ry,rs,. .. ’T\);IDXH-l)’ where (i) r{*
indicates the first group of transactions that X does not occur
in the database before its first occurrence, i.e. ;¥ = p~ where
p~ is the tid of the first transaction containing X, (ii) 73 to
TIXT,D x| are the groups of transaction between two consecutive
occurrences of X, for example, if X occurs in transaction
t, and t, (where u < v) and there is no other transactions
between t, and ¢, containing X, then the regularity rf can
be calculated as ri( =vX —uX, and (iii) T\);IDXHI is the last
group of transactions that X does not occur in database after its
last occurrence to the end of database, i.e. rﬁm X|41 = M~ qX
where ¢ is tid of the last transaction of TDB and m is |TDB|,
respectively. With regularity 7, it can be said that X occurs
at least once in every consecutive 7% transactions.

Definition 2 (A frequent-regular itemset): As defined in
[71, [8], an itemset X is called a frequent-regular itemset, if
its support s¥ is no less than a user-given minimum support
threshold o, and its regularity 7% is no greater than a user-
given maximum regularity threshold o,.

Definition 3 (A weighted-support of an itemset X):
For an itemset X = {i;,...7;}, there is a set of weights

W* = {w,,...,w;} associated with X and the weight
of X can be calculated as wX = # (Noted that

wX is the average weight of all items in X). Then, the

weighted-support of X can be defined as ws® = sX x wX
which expresses X’s frequency of occurrence based on
(multiplied by) its weight of importance.

Definition 4 (A weighted-frequent itemset): An itemset X
is called a weighted-frequent itemset if its weighted support
wsX is no less than a user-given weighted support threshold

Ows-

Definition 5 (A weighted-frequent regular itemset): An
itemset X is called a weighted-frequent regular itemset if
(i) its weighted support ws* is no less than a user-given
weighted support threshold o, and (ii), its regularity rX is
no greater than a user-given regularity threshold o,..

Problem statement: Given a transactional database TDB
with a set of weight W = {wy,ws,...,w,} of items, a
weighted-support threshold o,,; and a regularity threshold o,
the problem of mining weighted-frequent regular itemsets is to
discover a complete set of itemsets in which each itemset has
weighted-support not less that o, and regularity not greater
than o,..

III. PROPOSED METHOD

In this section, we here present an efficient single-pass
algorithm named WFRIM-IWS (Weighted-Frequent-Regular
Itemsets Miner using Interval Word Segment structure). The
concepts of the global/local maximum weights [13] and the
overestimated weighted support are applied to hold downward
closure property which can help to prune search space. The
interval word segment structure (/WS) is utilized to efficiently
maintain occurrence information of each item/itemset. A new
look-up table is designed to quickly retrieve support and

Weight Table
[ftem [ a [ b [ ¢ [ d T e [ f 1 &g |
|weight] 0.75 | 0.65 [ 065 | 04 [ 07 | 05 [ 0.6 |

A transactional database

tid| Set of items [tid| Set of items [tid| Set of items
1 ]a, c, e 55]a, b, d, e

15 |b,c.d. f, g 70la, b, c,d, e, g
16 [a, b, e, I, g 49]a, b, c, e, g 71]a, b, d, e

50 a, b’ C. e’ g-

32]/a, b, coe f g]-

Fig. 1. An example of transactional database

regularity from /WS and a tree structure called WFRIM-tree
is employed to maintain items/itemsets, respectively.

A. Global/Local maximum weights

To early prune weighted-infrequent items/itemsets, the
concepts of the global maximum weight (i.e. GMAXW =
maz(wy, ws, ..., wy,)) and the local maximum weight (i.e.

) wi, +maz(Wi,, ..., Wi, )

LMAXW = —ixeX % S = "~ where K is an itemset
previously considered in the mining process and w;,, , ..., w;,
is the set of weights of items ¢,, ..., ¢, that have not yet con-
sidered) are applied. Then, the overestimate weighted support
of an item i; can be calculated by ows'i = GMAXW x s%.
Meanwhile, the overestimate weighted support of an itemset
X = K -i,, can be calculated as ows® = LMAXW x s¥.
With the overestimate weighted support, the itemset X is
identified as a weighted-infrequent itemset if its overestimate
weight support owsX is less than a user-given weighted-
support threshold o,,s. Therefore, the itemset X and all of
its supersets can be pruned.

Example 1: Let’s consider the transaction database of
Fig. 1 and the weighted support threshold is set to be
ows = 4. The overestimate weighted support of the items
¥’ can be calculated as ows! = GMAXW x sf =
maxz(0.75,0.65,0.65,0.4,0.7,0.5,0.6) x 3 = 0.75 x 3 = 2.15
and the weighted support of the itemset f’ can be computed
as ws! = wl x s = 0.5 x3 = 1.5 (as shown in Fig.5(b)).
Noted the overestimate weighted support ows’ is higher than
ws!. Then, the itemset ‘f’ is pruned due to its ows? is less
than o,.

B. Interval word segment structure

An interval word segment structure (IWS) [14] is a dynamic
bit-vector structure used for storing occurrence information of
an item/itemset. For an itemset X, its interval word segment
structure can be represented as a sequence of segments which
can be defined as IWSY = {sm{ sm3,... ,sm, }. Each

segment smf € IWS*X consists of two elements i.e. (i) a non-
negative integer refers to the index of the first non-zero word

(called first-index and denoted as ﬁ"”JX ), and (ii) a sequence of

non-zero words expressing occurrence behavior of X (defined
X X X

X sm’; sm’; sm;
as WO™i = (wo; 7 ,wo,’ ,...,wo 7 ). Noted that each
wo™ |
X

word woznj € WO™ contains 16 bits started from the least
significant bit to the most significant bit. Each pt" bit can be
0 if X does not occur in transaction t,. Otherwise, the p‘" bit
is set to be 1, respectively.



Therefore, the IWS™ can also be represented as IWS~ =

X o X X X sz
sm 1 sm7 smy sm y
{(ﬁ U (woy" , woi ,...,WO‘Womf(‘>>,...,<ﬁ v (woy ¥,
X X
sm sm
woy V. w0 Y >)
wo™ |

For each occurrence of the itemset X in a transaction %),
the tid p of ¢, is collected in IWSX as described below (see
Algo 1). As in line 1-2, the word index (wi,) and the value of
word based on tid p (wo,,) are first calculated. Then, if ¢, is
the first transaction that contains X, a new segment is created
with the word index w?,, and the word wo,, and then added to
IWSX (line 3-5). Otherwise, the last occurrence loX of X is
considered in order to find its word index wi;,x and then the
storing of p into IWS™ can be performed within the 3 cases
as follows:

1) if the word index of loX and p are the same, the last
word of the last segment of /WS is updated by the
word wo,, (line 8-10),

2)  if the word index of p is next to that of [0, the word
wo,, is added at the tail of the last segment of WS~
(line 11-12),

3) if the word index of p is not next to that of [0~
new segment is created with the word index w4, and
the word wo,, and then added to IWsX (line 13-15),

respectively.

Example 2: Let’s consider  the  tramnsactional
database as in Fig. 1 and the item ‘a’ occurring
in tl, t16, t32, t49, t50, 7f557 t70 and t71, respectively.
Then, with the first occurrence of ‘a’ in ti, the word
index and value of word of the tid p = 1 can be
calculated as wiy = |G +1 = 0+ 1 = 1 and
woi = 2((1-1) mod 16) _ 20 = 1. Then, a new segment

sm§ = (1,(1)) is created and added to IWS®. Next, storing
the occurrence of ‘a’ in the transaction ti1g belongs to case
1 as above, since the word index of t1 and ti are the same.
Then, the last word of the last segment of IWS® is updated by
w016 = 32768, i.e. IWS® = (1(32769)). For the occurrence of
" in the transaction t3a, the word index and value of word of

= 32 can be calculated as wizy = L3 L41=14+1=2

and Wozg = 2((32—1) mod 16) _ 915 _ 32768 Then, the latest
occurrence of ‘a’ (in tig) is considered and its word index
(wo1g = 1) is calculated. Since the word index of tid p = 32
is next to that of the previous occurrence lo® = 16 (case 2
of the above), then the word woso = 32768 is added at the
tail of the last segment of IWS® (IWS® = (1(32769, 32768))).
For other occurrences, Algo. 1 repeats consideration on the 3
cases above and then IWS® contains two segments as shown
in Fig. 2.

To calculate support and regularity of an itemset X from
its IWS~, a look-up table is created as in [15] (see Fig 3).
With the look-up table containing 2! records (i.e. 16 is the
size of each word used for storing occurrence information of
each itemset), we can compute support and regularity of each
word contained in a segment of IWS~. Each record of the
look-up table contains four information i.e. (i) s : the support
(frequency of occurrence) of the considered word, (if) pf :
the position of the first appearance of bit 1 in the considered
word started from the least significant bit (indicates the gap

Algorithm 1: collect a tid into IWS
Input: IWSX, p, loX
Output: IWSsX

L U)Zp LwordazzeJ +1
woy 2((1) 1)mod wordsize)

B

3: if 10X =0 then

4:  create a new segment sm < (wip, (Wop))
5. IWSY « IWS¥ Usm

6: else

7 wilox<—““ 71J+1

8
9

wordsize

if (wip — wigx ) = 0 then
wo < the last word of the last segment of JTWS¥
10: WO 4— WO + WO
11:  else if (wi, — wi;,x) =1 then
12: add wo, at the tail of the last segment of 1 wsx
13:  else
14: create a new segment sm < (wip, (Wop))
15: IWS™ « IWSY Usm
item set of transaction containing item a
a 1, 16, 32, 49, 50, 55, 70, 71
e e e T
bit value tid [word index| word value
000000000000 16-1 1 32769 (32768+1)
S
00000000000000 32-17 2 32768
0000000000000000 | 48-33 3 0
000000004 po0c )| 6449 | 4 67 (64+2+1)
0000000001 100000 80-65| 5 96 (64+32)
TWS? [<1(32769, 32768)>, <A(67, 96)>]

Fig. 2.  An example of conversion transaction to /WS structure

of missing before the first occurrence of X in the considered
word), (iii) nl : the number of consecutive bits of 0 from the
most significant bit (expresses the group of transactions that X
does not occur in the database after the last occurrence of X
in the considered word until the end of the word), and (iv) mg
: the maximum number of sequence of 0 between two bits of
1 (demonstrates the maximum group of transactions between
its two occurrence in the considered word), respectively.

The support of each word in each segment of IWS™ can
directly retrieved from the element s of the look-up table,
for example, the first word in the first segment of IWS® is
32769 and its support is 2. Mean while, the second word in
the first segment of IWS® is 32768 in which its support is 1,
respectively.

In addition, to calculate the regularlty from IWSX, there
are four cases to consider each word wo™ of a segment smy,)

and then calculate the regularity " as described as follows:

S‘ﬂ'll
is woy

X
1) if wo™ (i.e. wo1 " is the first word
sm=X
of the first  segment sm¥ of IWS™) : "'
sm sz SI’NX
maz((P 1) x 16) + pfiwe™). 0™ ),
2) if wo™s s wo1 (i.e. woy ¥ is the first word of the
y'" segment sm; of IWS where y € [2, |TWSX\]
— maac((nl(lwo V- 1)+ ((ﬁ‘""?/
X X
["v=1) % 16) +pf(W0”” )) mg(wos’"’y )

X n,
3) if wo™v is wo,

X

S
wo Y
r

(i.e. wo "y is the z** word (not



MYIX
the first Word) of the y'* segment) : ro ¥ <

maz((nl(wo ) +pf(w0”" )), mg(m;os’"i))

4) if wo™ is wo ‘"::X‘ (i.e. wosm"‘;‘jﬁ‘ is the
\WOF |wsX | ‘ \WO |wsX | ‘

last word of the last segment sm‘ IWSX\ of IWS™) :

e’ " — (nl(wos’"?}/{) + ((Iwo™® — Ii* X | 5 16)),

where (i) ﬁ"”f is the start word index of the first segment;
(i) pf(wo""f) is the number of consecutive bit of 0 before
the first bit of 1 (start to consider from the least significant
bit); (iii) mg(wo®v)) is the maximum number of sequence of
0 betwee}r(l two bits of 1 retrieved from the look-up table; (iv)
nl(lwo™v=1) is the number of bits from the last bit 1 of the
last word Iwo™—1 of the (y — 1)*" segment retrieved from
the look-up table; (v) ﬁsm is the first word index of the yth
segment; (vi) li™ J-1 is the last word index of the (y — 1)t

X
segment; (vii) nl(wo, ") is the number of bits from the last
bit 1 of the (z — 1) word in the 3" segment retrieved from
the look-up table; (viii) Iwo™8 is the last word index used
to keep occurrence information of the last 16 transactions of
TDB; (ix) Ii""mX1 is the word index of the last word in the
last segment of IWS™, respectively.

Example 3: From the transactional database of Fig. 1,
the interval word segment structure of item ‘a’ can be
represented as IWS® = {(1, (32769, 32768)), (4, (67,96))}.
Then, the regularity r® of the item ‘a’ can be calcu-
lated from the first word of the first segment, the sec-
ond word of the first segment, the first word of the sec-
ond segment and the second word of the second segment
(in case 3 and acase 4) whtcah can be denoted as r* =

T o3 *(case 3) , TW"2 * (case 4)) =
max(15,16,17,15,9) = 17 where (i) ot maz((((f™ —
1) x 16) + pf(wo””l)) mg(wo‘ml)) = mazx((1 — 1) X
16 + 1,15) = 15, (ii) ™= = maz((nl(wo™) +
pf(wogml)),mg(wo2 2)) = max(0 + 16,0) = 16, (iii)
rvor L. maz((nl(Iwo™) + ((ﬁ””g — 1 — ") x 16)
pfiwoy™)), mg(woy"?)) = max(0 + ((4 —1-2)x16) +
1,4) = 17, (iv) r" (case 3) = mazx((nl(wo "3y 4
pf(wo2 )) mg(w0;n2)) = maz(9 + 6, O) = 15, and (v)
2 (case 4) = nl(wogmz) + ((Iwo™ — 1i2) x 16)) =
94 ((5—5) x 16) = 9, respectively.

Last, to generate a longer size itemset Z = X UY by
considering a pair of itemset X and Y having the same prefix
G.e. X = {ij,...,ik,%p}, Y = {ij,..., %k, 14} and the prefix
= {ij, ..y ix}), IWS™ and IWSY are intersected together in
order to find transactions that both X and Y occur together and
collected in IWSZ. As detailed in Algo. 2, each segment smg(

of IWSX and sm} of IWSY are considered. If smy and sm) are

overlap, the first index of fi and the last index /i of overlapping
are first calculated to know the scope of consideration (line 5-
X Y

sm§
ma(E(TWUl 1 ,T‘WO? ,rwol

6). Then, each word woimp and woim" under the scope fi and
[i are then intersected and collected in the word wo. Then, the
word wo is then considered in two cases :

1) if the value of wo is 0 (i.e the itemset X and Y do

look-up table
WO binary value s [pf | nl [mg
0 0000000000000000 [ 0 |16 [16 | O
1 0000000000000001 1 [1 [15]0
2 0000000000000010 112 (1410
3 0000000000000011 21 (141
1 0000000000000100 |1 |3 [13]0
5 0000000000000101 211 [13]2
0000000001000011 1 I |
— 96 0000000001100000 [2 |6 [9 |0
32768 1000000000000000 1 ]16[0 |0
32769 1000000000000001 2 11 [0 |15
‘ 65535 111111111ttt 1641 10 [1
max ((0416),0) || max (0+((4-1-2)x16)+1, 1) || max ((9+6), 0)
s:1 1:16 s:l r:17 s:2 1:15
case : 3 case : 2 case : 3
max ((1-1)x16+1, 15) L\ 9+((5-5)x16)
s:2 1:15 \\ 9

case : 1

WS {<1(32769, 32768)>, <4(7, 96)>} ~ ¢ase:d

s =241+142 =6 r"=max(15, 16, 17, 15, 9)=17

Fig. 3. An example of detail of look-up table and method for calculating
regularity of IWS®

not occur together during the word index u*"), the set
of word WO is then investigated. If WO is empty, the
fi is increased by 1 due to the scope of occurrence of
Z might start from the (u + 1) word. Otherwise, a
new segment sm = (fi{fWO)) is created and added at
the tail of IWS”.

2) if the value of wo is greater than O (the itemset X
and Y occur together during the word index u*"), the
word wo is thus added to the tail of the set WO and
the consideration will move to the next word.

At the end of consideration of word in segment smff and
sm) . a new segment sm = (fi, WO) is created and added at

the tail of IWSZ, if the set of word WO is not empty. Besides,
whenever the sm and sm are not overlap, the index p will
be increased by 1 if the last word index of segment smX is

p
less than the last word index of segment smqY. Otherwise, ¢
will be increased by 1.

WS™ {(1<1, 24>), (4<8195, 64>)}

ws” {(1<128, 8,{2; 8195, 96>)}
; 2

! P
wo 0 8 8195 64

WS {(2<8>), (4<8195, 64>)}

{" imon-overlap overlap

Fig. 4. An example of intersection method for /WS* and IWSY

Let’s  consider  the  IWS® =
{(1(1,24)), (4, (8195,64)) } and IWSY = {(1(128,8,2,8195,
96))} as in Fig. 4. To generate itemset ‘x,y’, the IWS®
and IWSY are intersected to calculate weighted-frequency,
regularity and to collect occurrence information of the
itemset ‘x,y’. First, the first segment smj7 = (1(1,24))
and smY = (1(128,8,2,8195,96)) are considered (due
to it is overlap). The scope of consideration based on
the first word index and the last word index are then
calculated as fi = maz(fig,s, fi = maxz(1,1) = 1 and

Example 4:

sml )



li = min(limg, ligy) = min(fig,s + [WO™ | = 1, fi,n +
|W0‘"”71/| - =min(l+2-1,145—-1) =min(2,5) = 2.
Each word sm? and smy of between the word index fi = 1 and
li = 2 is sequentially intersected. For the word woim1 =1

and woimi] = 128, its intersection is wo = 1N 128 = 0. Then,
the value of fi is increased by 1 (Noted that right now ﬁ =2).

Meanwhile, for the word wogm1 = 24 and wogml = 8,
its intersection is wo = 24 N8 = 8. Thus, the word wo is
collected into the set WO. At then end of consideration on the
word based on the scope fi and li, a new segment sm = (2(8))
is created and add into IWS®Y. Next, the consideration is
moved to the segment sm% and smY since they are overlap
and the intersection process is repeated in the same manner
as above. Last, after considering all overlapping segments,
IWS*Y is as shown in Fig. 4.

Algorithm 2: [WS’s intersection on a pair of IWS
Input: IWsX, 1ws¥
Output: JWSs?
1 IWS? 0
2:p+landg+1
3: while p < |[IWS¥| and ¢ < [IWS"| do

4:  if smX and sm} are overlap then

q

5: .ﬁ <~ Tnam(ﬁsm{f ) .ﬁsm}{)
6: b m’[n(ﬁsmff + | WOsmi(l - laﬁsm(’]’ + | WOsmz/‘ - 1)
7 U <— _ﬁ
8: WO 0
9: while u < li do
smx smy
10: WO 4— WOy, © N WOy !
11: if wo = 0 then
12: if WO = () then
13: fi=fi+1
14: else
15: IWS? « IWS? U (fi, WO)
16: fi—u+1
17: WO« 0
18: else
19: WO+ WOU wo
20: u+—u+1
21: if WO # () then
22: IWS? « TWS? U (fi, WO)
23:  else
24: if lig,x < lig,y then
25: p epp +1 !
26: else
27: qg+—q+1

C. WFRIM-IWS algorithm

WFRIM-IWS consists of 2 main steps i.e. (i) DBscanning
and (if) WFRI-Mining, respectively. In DBscanning step, the
WFRIM-tree is firstly created with a root R and a node for
each item 4, is created and set to be a child node of R. Then,
each transaction ¢, € DB is scanned and each item i3 € %,
is considered and the information in the node of 4 is thus
updated (i.e. the support s* is increased by 1 and the IWS**,
the regularity 7% and the last occurrence lo"* are updated
tid p of t,). After scanning all transactions, the regularity
of each item is lastly updated and the item with regularity
greater than the user-given regularity threshold (o) is removed
from the WFRIM-tree. Next, the global maximum weight

(GMAXW) is calculated and the over-estimated weighted-
support is calculated. For an item iy, if its over-estimated
weighted-support ows’* is less than the user-given weighted-
support threshold (o), the ix is then removed from the
WFRIM-tree. Otherwise, its actual weighted-support ws'* is
computed and the item is identified as a weighted-frequent
regular item if its ws’ is not less than o,,. The process
of GMAXW’s calculation and pruning low weighted-support
is thus repeated if all the items with maximum weights are
pruned (i.e. if all the items with maximum weights are pruned,
the value of GMAXW needs to be recalculated). Last, at the
end of DBscanning step, we gain WFRIM-tree with nodes
of candidate single items (i.e. items with the over-estimated
weighted-support > o5).

Example 5:  From the transactional database of Fig. 1
with items a,b, c,d, e, and f, let the regularity threshold o, be
20 and the weighted-support 0,5 be 4.0. First, WFRIM-tree
is created with a root R and a node for each item a,b,c,d, e
and f is created and linked to be a child node of R. Next, the
transaction t1 = {a, ¢, e} is read and the IWS®, IWS® and IWS®
are then updated by 1 (see Algo. 2 for details of collecting a tid
in an IWS). The support, regularity and last occurrence of item
a, c and e are then updated as shown in Fig. 5(a). The reading
and the updating process are repeated for all transactions in
which at the end of reading we gain WFRIM-tree in Fig. 5(b).

Each item in the WFRIM-tree is considered. Its regularity
is calculated (based on case 4 of looking up regularity from
the look up table). From the Fig. 5(b), we can observe that the
regularity 7 = 48 is greater than o, = 20. Then, the item f
is removed from the WFRIM-tree.

The global maximum weight is calculated from the
maximum weight of items (remaining items after prun-
ing by the regularity threshold) that is GMAXW =
max(w®, w’, w®, wl, w,wI) = maz(0.75,0.65,0.65,0.4,
0.7,0.6) = 0.75. Then, each item is repeatedly considered and
its overestimated weighted support is calculated. From the Fig.
5(b), it can be seen that item d has ows® = 0.75 x 5 = 3.75
which is less than .. Then, item d is then removed from
WFRIM-tree. Finally, all items in the WFRIM-tree are ordered
by descending order of their weights as the order is ‘a, e, b,
¢, g’, respectively.

To mine the completed set of weighted-frequent regular
itemsets, the mining process is repeatedly performed on the
WFRIM-tree. First, a child of root R with an item 4%; is
considered. The next child of i; with the item i; (i.e. iy is
located next to the item 4;) is thus also regarded and merged
with i; to be Z = 7; -ij. Then, the local maximum weight and

the weight of Z are calculated as LMAXW = w? = 25T

2
The IWS% and IWS" are then intersected to collect the
occurrence information of Z into IWS? and to calculate the
support sZ and the regularity 7Z of Z (by looking up from
the header table). The weighted-support ws? is calculated by
ws? = w? x sZ. If the regularity 7% is not greater than o,
and the weighted-support ws? is not less than o, a node of
Z is created with its IWS? and linked to be a child node
of i;. Also, the itemset Z is identified and collected as a
weighted-frequent-regular itemset. However, if the regularity
rZ is greater than o, or he weighted-support ws? is less than
Ows, the item 7; (the item next to the item ¢) is considered. The



(a) WFRIM-tree after scanning tid;

a s'=8, r'=17,
TWS™{(1<32769,32768>),
(4<67,96>)}
e =8, 1=17,
TWS'{(1<32769,32768>),
(4<67,96>)}

b by =9, r 1Llfu
mq {(1<49152,32768,
4,67, 96>)}

c s°=6, r’=20,
Twsq(1<16385,32768>))
(4<3,32>)}

g =7, 1°=20,
Tws®{(1<49152,32768,
4,3,32>)}

(c) WFRIM-tree at the end of DBscanning

Fig. 5. An example of WFRIM-IWS algorithm

merging, calculation on LMAXW, intersection and calculation
on weighted support are then repeated.

After the itemset Z is generated, the merging of ¢; with
another item 4y, to generate the itemset Z = i; - iy, is repeated.
The IWS% and IWS" are intersected. The support sZ and the
regularity 7 are also looked-up. The overestimate weighted
support is thus calculated by LMAXW (from the previous
calculation). If the regularity rZ is greater than the regularity
threshold or the overestimate weighted support ows? is less
than the weighted support threshold, the itemset Z is then
removed from the consideration. Otherwise, a node of Z is
created with its IWS? and linked to be a child node of i;.
The actual weighted support ws? is thus calcualted. Last, the
itemset Z is identified and collected as a weighted-frequent-
regular itemset if its weighted support is not less than the
weighted support threshold.

The merging of i; with another item is repeated until all
child node of H are considered. Then, if ¢; have more than
one child, the mining process is recursively performed on the
node of 4; and all child of i; will be merged to each other.
Otherwise, ¢; and a child of 4; are then removed from WFRIM-
tree.

Example 6: Let the WFRIM-tree from DBscanning con-
tains five items as shown in Fig. 5(c). To mine a complete set
of WFRIs, mining step as detailed in Algo. 4 is performed.
First, the item ‘a’ with highest weight and the item ‘e’ with
the second highest weight are merged to be the itemset ‘ae’.
Then, the local maximum weight and the weight of ae _are
then calculated as LMAXW = wo¢ = " = 005807 —
0.725. The IWS® = {(1(32769, 32768)), (4(67,96))} and the
IWS® = {(1(32769, 32768)), (4(67,96))} are then intersected

a =8, r'=17,
TWS"{(1<32769,32768>),
(4<67,96>)}

W' s ((1<49152, 32768

a sa:& =17,
TWS"{(1<32769,32768>),
(4<67,96>)}

b =71 —17
WS { (1<32768,32768>),
(4<67,96>)}

~a

$*=7, 18=20,
1ws®{(1<49152,32768,
4,3,32>)}

¢ s°=6, 1°=20,
Tws{(1<16385,32768>))
(4<3,32>) }

b bs =9, v 216,

4,67,96>)}

g st=5, r%=20,
Wt L<32768 32768>),
(4<3,32>)}

b =7, 1’=17,

NN
?@ CI) ® ®

® @®

— eliminated bys, - -eliminated by g, Q skipped

(d) Mining process of items a

and collected into IWS*® = {(1(32769, 32768)), (4(67,96))}.
Then, the regularity ¢ = 17 and the s*° = 8 are looked
up from the look-up table and the weighted support ws®¢
is calculated as ws®® = w» x s*® = 0.725 x 8 = 5.8,
respectively. Since the regularity r® = 17 is less than
o, = 20 and the weighted support ws*® = 5.8 is greater than
ows = 4.0, ‘ae’ is identified as a weighted-frequent-regular
itemset. Then, the node of ae is created and link as a child
node of ‘a’

Next, the item ‘a’ is merged with the item ‘b’ to be ‘ab’.
The IWS® and the IWS® are then intersect to be The INS®® =
{(1(32768,32768)), (4(67,96))}. The regularity r** = 17 and
the s*® = T are looked up from the look-up table and the
overestimate weighted support ows® is calculated as ows®® =
LMAXW x 5% = 0.725 x 7 = 5.075. Since the regularity

b =17 is less than o, = 20 and the over estimate weighted
support ows®® = 5.075 is greater than o, = 4.0, the node
of ab is created and link as a child node of ‘a’. Then, the
ws® = e x s0¢ = QT5E065 w7 — 4.9 s calculated and
then ab is identified as a weighted-frequent-regular itemset due
to its weight support is greater than os.

The mering of the item ‘a’ with another item located after
the item ‘b’ is repeated in the same manner as above. Then, if
a’ has more than one child, the process of merging is moved
to merge pair of child of ‘a’. Otherwise, ‘a’ and child of ‘a’ are
removed from WFRIM-tree and the merging process is move
to merge item ‘e’ with other items after ‘e’ as shown in Fig.
5(d).

After finish merging all pairs of items/itemsets in the
WFRIM-tree, we then gain a complete set of weighted-
frequent-regular itemsets contained in the WFRIM-tree.



Algorithm 3: DBscanning

Algorithm 4: WFRI-mine

Input: TDB, o,, 0ys
Output: WFRIM-Tree, WFRIs

1: create a WFRIM-tree with root R.

2: create a node of item i; € I and set to be a child of R
3: for each transaction ¢, in TDB do

4:  for each item iy in transaction ¢, do

5: collect(IWS™, p, lo'*)
6: stk ¢ st 1
7: ri* ¢« max(rit, p — lo')
(if t, is the first transaction containing iy, rik ¢+ p)
8: Lo < p

9: for each node of item i; in WFRIM-tree do
10: 7% + max(ri*,m — lo™*)
(where m is the tid of the last transaction of TDB)
11:  if % > o, then
12: remove node of i; out of WFRIM-tree

13: repeat
14 GMAXW <+ max(wi,, Wiy, ..., Wi ;)
15:  for each node of item i; in WFRIM-tree do

16: ows™ «— GMAXW x s

17: if ows™ < o,s then

18: remove node of i; out of WFRIM-tree
19: else

20: ws < w;; X s

21: WFRIs < WFRIs Uiy, if ws'* > 0,5

22: until R does not have a child node with w;;, = GMAXW
23: reorder child node of R by weight descending order

TABLE 1. CHARACTERISTICS OF DATASETS
Dataset No. of  Avg. transactions ~ No. of category
items size transactions
Mushroom 119 23 8,124 dense
Chess 75 37 3,196 dense
T10I4D100K 1,000 10 100,000 sparse
Retail 16,469 10.3 88,162 sparse

IV. EXPERIMENTAL RESULTS

To evaluate the performance of the WFRIM-IWS algorithm,
experiments on four benchmark datasets (downloaded from
http://fimi.ua.ac.be/data and detailed as in table I) were con-
ducted. Three issues i.e. computational time, memory usage
and the number of discovered results are investigated and
compared with WFRIM algrithm [12] (i.e. WFRIM is the first
algorithm on weighted-frequent-regular itemsets mining). The
weighted support and the regularity thresholds are set in the
same manner as the previous approaches [13], [16], [17], [15],
[12] which are in the range of 0.001 — 35% and 0.2 — 6%.
respectively. Noted that the thresholds used in each dataset is
based on density of occurrence of items/itemsets in the dataset.
WFRIM-IWS and WFRIM are implemented in Python and run
on a PC with Windows 10, CPU speed at 3.4 GHz, RAM 8GB.

The computational time of both algorithms is shown in
Fig. 6 in which each line indicates a computational time
based on a fixed value of weighted-support and a variation
of regularity threshold. From the figure, it shows that (i) the
increasing of regularity threshold does not affect computational
time of both algorithms on sparse dataset but the computational
time of both algorithms on dense datasets increases as the reg-
ularity threshold increase, (ii) the computational time of both
algorithms increases as the weighted support threshold increase

Input: WFRIM-Tree with root R, 0, 0us
Output: WFRIs

1: X « 0 and w¥ <0
2: mining (node of R, X, wX, a,, 0ys)

Procedure mining (node of H, X, wX, 0., 0us)
3: for each child of H with itemset U = X -4, do

4 repeat

5: Y = X -4, is the itemset of another child node of H
6: Z X -ip-ig

7 LMAXW « w? —“”Xx‘f;wgiﬁw’

8: IWS? « intersect(IWSY, IWSY)

9: 7% lookup-r(IWS?)

10: sZ « lookup-f (IWS?)

11: ws? — w? x s%

122 until 7% < o, and ws? > o,

13:  create a node for itemset Z with its information and then
set to be a child node of U

14:  WFRIs+ WFRIsU Z

15:  for each child node of H with itemset V = X -4, do

16: Z =X -ip-ig

17: IWS? « intersect(IWSY, ITWSY)

18: rZ — lookup-r(IWS?)

19: sZ « lookup-f (IWS?)

20: ows? «— LMAXW x s%

21: if 74 < o, and ows? > o, then

22: create a node for itemset Z with its information and

then set to be a child node of U

7z, .z (XX twi, +wi,)

23: ws? < 87 X T”"
24: if wsZ > 0, then
25: WFRIs + WFRIsU Z
26:  if U has more than one child then

. de of U. U 11JX><\X\+wip
27: mining (node of U, U, — T O Ows)
28: else
29: remove U and the child of U out of WFRIM-tree

(Noted that with the increasing of weight support threshold,
there are more and more items/itemsets meets the threshold and
then both algorithms have to take more time to consider these
items/itemsets), (iit) WFRIM-IWS significantly outperforms on
computational time than WFRIM up to 60 — 70% on sparse
datasets and 40 — 98% on dense datasets, respectively.

For the memory aspect, Fig. 7 shows the memory usage of
both algorithms in which the WFRIM-IWS algorithm consumes
less memory than WFRIM (thanks to the benefit of IWS
structure). However, on T10I14D100K, WFRIM-IWS consumes
more memory than WFRIM. It is because based on the setting
of threshold, there are only weighted-freugent-regular items
generated. Then, WFRIM does not need to recursively create
WFRI-tree (each WFRI-tree consumes high memory). Thus,
the memory usage of WFRIM is less than WFRIM-IWS.

Last, the number of discovered weighted-frequent-regular
itemsets is shown in Fig. 8 which can conclude that (i)
the increasing of weighted-support threshold results in the
decreasing of results and (ii) the increasing of regularity
threshold causes the increasing of results, respectively.
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Fig. 8. The number of itemsets discovered from WFRIM.

V. CONCLUSION

In this paper, we have proposed a new efficient single-
pass algorithm named WFRIM-IWS for mining weighted-
frequent-regular itemsets. WFRIM-IWS applied the interval
word segment structure to maintain occurrence information
of itemsets. A new look-up table on an /WS is designed to
quickly look-up on support and regularity of the itemset. A tree
structure called WFRIM-tree and the depth-first search strategy
are adopt to maintain and generate itemsets during mining
process. Moreover, the concepts of overestimated weighted-
frequency and global/local maximum weights are applied to
prune search space. Experiments on both real and synthetic
datasets showed that the proposed WFRIM-IWS algorithm out-
performs the previous algorithm on mining frequent-weighted-
regular itemsets and it is efficient in the terms of computational
time and memory usage.
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