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Frequent-regular pattern mining have played an important role in a wide
range of applications such as retail business, DNA analysis, Elderly habits monitoring,
etc. To find these patterns, two parameters, support and regularity thresholds, have
to be specified in order to measure/evaluate significant or interestingness of patterns.
However, it is well-known that setting appropriate threshold is very difficult and causes
suffering to the users and it is more reasonable to specify the number of required
patterns. Thus, the task of top-k frequent-regular pattern mining is introduced to alleviate
this difficulty. Based on this framework, the users have to assign only the value of k
(the number of patterns to be mined) and a regularity threshold to control the interval
of occurrence. Then, the patterns with regular occurrence and have highest support
values would be returned. Unfortunately, this approach usually generates small size
patterns which is insufficient to extract interesting relationships. From above issue, this
research aims to enhance ability of top-k frequent-regular pattern mining by setting the
minimum length of patterns to be mined to be two. Thus, the relationship of the
discovered patterns can be easily extracted. To mine such patterns, we propose an
efficient single-pass algorithm, called ETFRP, applying best-first search strategy to quickly
discover the results and employing a linked-list structure to maintain patterns during
mining process. Experimental studies show that ETFRP can effectively and efficiently

discover patterns that meet the users’ interest.



v
UNARTBANVINYIY. oo sssss s s N
UNPRE DN TG TBUNE Y. orrrvenrrrrsesres s essssss e s ssessss s sssss s ssssssanssnnes 9
BVTUEUervevemmtamsssmsmsssess st R 2
ANTUTIRNT Nttt sesss s sesss st eeeen e eee e %
IRV F3 2 ia OSSO al
Uil
1 UYL e eesmmens s R 1
AU TunlasAUE RIS e 1
WUIVIIUATTIATQYIY e 3
TRQUITASAVBTINEVIIUS .vrereeenereeeererns s 4
YBULYFYBIINENTIWUS oot 4
T e o T 5
AT T TR YT TSSO 6
2 NANTUAEIIUATITROITO. oo 7
nsAuINgANEdITuSvegIutayaTenis (Association rules mining)...... 7
ﬂ'ﬁﬁumgULLuuﬁUﬁﬂgUaa (Frequent patterns mining)..........cccccovevvcncenes 9
MsRuMUIUUTIUTINgUsslazUsngegtsainans (Frequent-regular
PALLEIMNS MINING) ettt ettt st 12
nsAumsUlUUUTINgUaaansusiuusn (Top-k frequent patterns
TTHNING) ettt ettt bse bbb s st et s e bbbt ba e se e 13
nsfumUuUUUIngUssaaiedufuusniagUsngessasiiae
(Top-k frequent-regular pattermns MiNiNG).....c.cvvrensesseseereseeen, 15
B BTN ITIT iRt 17
nsfuvngULUUUNgUesgaiadusuusnuazUsngedsaiuane............... 17
U BUTBTU WAL .ottt 21
HegemsfumsuuuuUTngUesgendusulsnuasUsngegeasiniae
AVEBANTITN ETFRP..oocooeceverersesmsceeseceesssessinessssssssssssseseesssessssssssssssessnsseneens 24
B WBAMTITIVE e ceeereeeresesssssssass e Rt R 33
MIATEnUsEANS A N9 ETFRP Tule@nsainnsAtiaemans. .. ... 33

HanIsnaasdIaTtlunMsAusUluuUIIngUasgalnsuiuLInuay
UTINDBY VAL WAND. oo reoeervirerrerreesssssssssresssssssesssseseses s sssessssssesesessssees 33



f15Ugy (sia)

HAN1TNARBIIUIAYRIFULULUIIN UBEARBUALULI NLaLUTINYBE
adnasenAulSeufisusenindanesiia ETFRP uazdane3fiu MTKPP... 37
an1sneaeuiigrNldlunmAumULUUUTINgUesaaasuduLsnuae

U5 NANUANBVDITANDIT ETFRP...oceseeeeseemsessreeeesscrsesee 46
NFIATIENUTEANTAINGANDITL. e 48
5 AFUNANITITHURTUBLAUBIUUL ..coovrreerecseerceerrsnnsecssnrs s ssssssss s ssssssesessones 50
ATUHANTTIVY et eennnnnnrresseessesessnssnssesssesesees st ssessssssssssessss e ssssssnnes 50
TDUAUBUUE e cevenrerreennesrssssesss s sesresssssrss s st 50
SUTREHAUIABLIUIUBUIRR. ..o 51 .
UTTOUNUNTH e eeeveveeresssse s sesss s 1R 52
DV VABIL I eeees e 54
AARUIN N 1ONANTTUTBIHANTITRITANTETTTUMTITETUNYYE 55
ANARUIN Y MTINIUNTHAITUTTE o ennerrerssenneresessssessesssesssesessenssseesseessessns 57

UTE TR BUBATTVY. .- eeeeeeeecrecrecner s esrsssesssins s sssss s ese e 71



mi']\‘l‘ﬁl
1-1
2-1
2-2
2-3
31
3-2

33
34

3-5
3-6

3.7
3-8
4-1

4-2

4-4

4-5

A130N1579

TEZOLIRIUNTIANTUNITITE e
U3 AMBENANTAUMINGAVHFURUT.....ooreevereseenerssseerres e sennes s
FUFEYAUUIRY (VErtical database)............oommcoerss st
FMUTOYAUUIUBY (HOriZontal database). ... eeerrrerersmrrerssmesrasiesrssrnresseseesree

wmg‘dLLUU‘ummﬁnﬁlﬁﬂ'mé’aﬂa‘%’ﬁm MTKPP siliunisiiuuiudaya Chess....
A $ L% =f =f (-] =Y L }
wngUuuuuadnildaindane3iiu MTKPP anflunisivuiiudeya

AUSIITOOMN. ..ot e e ee ettt at e e s s e s enesssaeeneseentesaneensseeseesessensssereseanasssessenneen
Leumg‘dLLuumuwmﬁﬂﬂlﬁmﬂé’aﬂa‘%’ﬁu MTKPP Aiilunisivuiiudeya Connect.

v v Y £ ¢ o a L% 2/
L"UWE‘ULLUU‘UUWﬂLé‘ﬂVllﬂﬂqﬂaaﬂaiVm MTKPP ml,uuminml,ﬁmayja

TLOIADTOOK . ettt ettt eee et er s ee st e s et eeteseaeseaessaasssesesereeenereeraessasensssaseseesaneaseraneeeene
Leumg‘dmeumﬁﬂﬁlﬁmné’aﬂa‘%ﬁu MTKPP siniiunsiiuuiludaya Retail.....

guteyamedafildlunsaumzuuuudsinguesgainduduusniassng

D TIAI IO e seee e s eseessses s e ses s e s e s e s s e e e see s es e s s e e

maiudayadildanniserugiudeyasens

FINITAUTINY DU NIFL UGB ..o ssssenensene s sssesessssesessesssssssens

TnluuuusnguesgandusuusnLasUngetsainianen M ILIALe
@ o ar - v 9] o1 '
suwuuresdanasiiu ETFRP uas MTKPP laelduiudeya Chess Alnuda

6 A o o/ :.Jl
AUANLANBY 10% YDIVTUIUNTIULGNY UV ...,

uugliuvUNngussaneduiuLsntazlIIng et eailanenuvLIALYn
@ o a2 . v 7 a1 o 1
sUnuuvesdanesiiu ETFRP uas MTKPP laglduiiutaya Chess frndnuds

AMUANNAUDN 20% VBITTUIUNTTURYNT UGV v sereess e,

PMungluuudsnguesgardusuusnLasungetsaianenvuAien
s LYl -— U 2 4 1 = 1
sUMUUYRIdaneIiu ETFRP way MTKPP laglduiludeya Chess iFinTauus

ATNANUNANDT 30% VBITTUIUNTTURSNTUNIIVAL.ovvo s seeeeeeseeeessenenne

TungluuudnnguesgarduduusnLasungegsalanen I vAn
sULuUvesdanaIiiu ETFRP uag MTKPP Taalduiiutaya Mushroom

a1 ' o = ° o &
NANVALUIAIIUNANLENDN 10% VBNV TUIUNTIULTINYUVNIUA ...

IurugluuuunnguesgaedusuusnuasUing e eainiauenLIuIaLe
JULUUIRSaNesiu ETFRP waz MTKPP Inelduitutaya Mushroom

by 0
a1

VAU ALUIANUENNANDN 20% VDITIUIUNTIULTNTUTIIAUR oo

10
10
18

18
19

19
20

25
26
27

37

38

38

39

39



o
1IN
4-6

4-7

4-8

4-10

4-11

4-12

4-13

4-15

#15UgA1519 (5i9)

[

TmugduuuunnguesgaimdusuusnuazUsng sdnsalaNenuvLaL
sUsuUYeIdanasiu ETFRP waz MTKPP lngldufludaya Mushroom

U

&

!
ot

fiendautsnuasiased 30% 18RI TUTINR. .
SruugluuuUTngUesgaindusiuusnuasUsngeesaiasnuvuaLYn
sULuvvadanesfiu ETFRP uas MTKPP Tagldusiudeya Connect firndinuds
Arathiauad 29 18 UIUNTIUUINTURIAUA oo
fuusluuuUTIngUesgansufunsnuasUsngetsaiianenuvuaLn
suwuuvesdane’iiu ETFRP wag MTKPP Ingldufiudieya Connect firndnutia
Arwashiasadl 5% V09 UUNIIUUBNTURIIUA. .
SunusluuuUsInguesgarsufuusnuasusingegvasiiauenuvuaLn
sUuuyvessane3iiu ETFRP was MTKPP Ingldufludeya Connect fiandauts
A IaNeT 10% YeITUILNTIUUINTUTIANA. .o
SrunugluuuUsinguesaaedudiuusnuazusingetsaiauenusunain
sUuuuvesaneiiu ETFRP was MTKPP Tneldufludeya Retail fendauds
ATWEALLANDT 2% VOIS TN TIUULNTUTINL .
SrnusluuuUTIngUesgaasuduusnuazUsingegsaihansnuvuaian
suwuuvesdaneiiu ETFRP uas MTKPP Tngldufiudoya Retail fidndaus
Arashiauedl 5% 18 UIUNTTUUINFURIN. oo
ﬁi’wmugﬂLLUUinngUaaqﬂmﬁuﬁULLsnLLamJS'lngaamaﬁ%auammum%m
sUnuyvesdane’iiu ETFRP was MTKPP Tneldufludaya Retail fednuis
AT LANDT 10% VO NAUNSIUUTINTUTIAN. e
SrunugtuuulnngUesaaedusiuusnuarunngedsasinasenuaunin
JURUUvIdanasiisl ETFRP wag MTKPP laglduiludaya T1014D100K
fiendautianuainaneil 2% 1eaUILNTIIUUINTUTAVLR .o
fuaugUmuuunnguesgamsusulsnuasUsIng e ainaLe A TUALYn
sULuUvasdanasiiu ETFRP uas MTKPP lngldudutaya T1014D100K
fendautsmnuathiauail 5% v8eSuUNIUUINFUTIVNO. ..o
aﬁ’wmugﬂuwﬂ‘swngﬁaaqﬂmé’uﬁumﬂuasﬂﬁﬂgaEJ'Naﬁ'namam’]wuumsum
sULUUTIana N ETFRP wag MTKPP lagldudladeya T1014D100K

a1 a ' o ] ° v o
NATUALLUIAIIUAUNANDN 10% UDI9T1UIUNTIURYNYUTENHA. oo,

U

40

41

41

42

a2

43

44

44

45



ﬂ']Wﬁl
-1

3-3

34

3-6

3-7

39
3-10

3-11

4-2

4-3

#15URNIN

H v ) LY 1 ) e
TumaunsAugULULUTIINgUsannduduwsnuazUsIngatvalane iduuin
FUNNTUINNTIT oo ssssssessssesssesssesssess s essnesesn
WU% 90895 U LB a T8N IMEANYAWUIATIHELUALD oo

nsAumzULUUUIINg UsegaaduiunsnuazUsing agralniausdunay
1

lrssafreveansdafivfegasuuuulnnguasgaedudunsnwasunngetis
AU ..o oo oo
lassa$relunsdafiudeyagiuuuusnguesanadusuusnuazusingoti
a1 UTATIEFVBIRRARNINT Lot
lassasslunmsdafiudoyaguuuulsinguesanaduiuusnuassingedns
a1 UTATIAFVBIRRARNINT 2.
lassadalunsdafivdeyaguuuulsnguesganduiuusnuagysingees

A 1ane Ul ATIEBIRRAANINT 3o
Tassaddlunisdmfiudayaguuuulsinguasganduiuusnuazusingaes

a1 1aelUTAS S BIFRARNINT G
Tassadlunsdnfiudeyaguuuulsnguesaanduiuusnuazysingeens
asten e UlASIAIIBITRARNINT 5.
lassadelunmsdafiudayaguuuulsinguesannduiuusnuagsingee
11a8 TSI NBIRRARIINT 6.
lassaselunisdafivdeyauuuuunnguesaniaduduisnuasusingeds
Aol AT BIRRAINTNT 7o
TassasslunisdmfudeyaguuuuunnguesgandudunsniazUsngegis
A DTULATIAFNBIFRATANNT 8.
wanUTeuiigulunmsAumsuiuuungussgaasufulnuassng eene
auauevesdanedfiu ETFRP uazdanaifiu MTKPP wssufiudeya Chess.......
nanUTeuigulunisrumsluuuunnguatganduduLInLasUIINg Bee
aiavevesdanaiiiu ETFRP uazdanaiiu MTKPP vasufludaya Mushroom..
wadsauisulunisAunisukuuUnguasaardudulsnuagUsingeeis

alaNeveddana3fiu ETFRP uardanasiiu MTKPP vaufluveya Connect......

YO

16

21

22

25

27

28

28

29

29

30

31

31

34

35



]
AN

4-5
4-6
a-7

4-8

4-10

d15Uynn (sia)

waUSeuiigulunsAumuuuulsngussaniausulsnkasUsng e
aiuausvesdanaiiiu ETFRP uazdaneaiiu MTKPP vasuiludeya Retall.......... 36
wanUTeuiieulunsAumluuuusngussaniadusulsnkasUsingee
arlianevesdanadiu ETFRP uazdanediiu MTKPP vosuiluteya T1014D100K 36
nsldvirsadlunsAumMULuuUIINg UesaaiadudunsnkazUngegns

A UANDYDITUTOYA CRESS..rroreesesseeseeseeeeee e 46
nsldnirgannudnlunisAumgdiuulsnguesganduduwsniazUsingegns
A UANBYDITUTIYA CONNECE e 46
nstimiteaudilunsdum suuuulsing ueegaiaduduusnuazysng e
A NANDYDITUTIYA MUSNIOOM. .o 47
nsldniaganudtlunisaumgliuulsnguesganduduwsnkazUingegns
aﬁnaua*umuﬁwﬁauva RETAIL..vvov s a7

nsldmiteaedlunsAum Ukl TIng UsegairuduusniazUsngee
ANNANBVDIAUTOYD TLOIIDL00K .errrrevvrresevrrsceerersssesrresssnsessssesssesssessseseseees 48



uni 1
unun

anulunnwazanudrdgsslg
lugatdagtumsandugsiefinisudeduduegrannung vilideyaasaumnadhun
fdunilunistaededulalumsduiiugsiouniu madansiumilestoya (Data mining)
Lﬂu:}%‘mwﬁqﬁam'ﬁﬂﬁ'ummiaumw‘%aaqﬁmmﬁﬂ'1ﬂ%’auuaﬁuﬁgnﬁ’mLﬁu’[,uaqﬁnwhq q 6t
wazldgnussgndldiuegaunsuateluvany q 5309 erfiviu uiinenaans dunisuwng
AURUEIMINTTNMANS AMINQYIE WazgINaNITAMENG | Mavimileslayaavanusaniiums
Iovaneguiuuuazraeds enfiviu nsmnganuduiusvesioya (Association rule mining
(Rakesh Agrawal, Tomasz Imielinski & Arun Swami, 1993; Rakesh Agrawal & Ramakrishnan
Srikant, 1994) m3duunussinvdeya (Classification) NMsdangudaya (Clustering) N153iATEN
Awfiaun (Outlier analysis) wasdu q lumAdedazalaluduvemniamngaruduiusves
foya FrasUszneulfeaesiumoumsvheumdn A 1) nsdumgUuuulsingues (Frequent
pattern) Viﬁﬂ'ﬂmmﬁmaﬂmiﬂimgmm’hvﬁawhﬁ’uﬁﬁmﬂqaﬁfuaqu (Support threshold)
uay 2) msadungeuduiusinaadnsaiilute 1) Tnongarmudiiusinitaulaasdedia
muidesiu (Confidence value) snnniwSewinfuaautsranidesiu (Confidence threshold)
TumsAumisnsUuuuivsinguesuasmstmusmanuaudesivildlunisin
anaaulavesnganuduiug fauideiiAeades IduA Mining Frequent Patterns
without Candidate Generation (Jiawei Han, Jian Pei & Yiwen Yin, 2000), MAFIA: A Maximal
Frequent Itemset Algorithm for Transactional Databases (Doug Burdick Manuel Calimlim
& Johaannes Gehrke, 2001), Mining Frequent Patterns without Candidate Generation:
A Frequent-Pattern Tree Approach (Jiawei Han, Jian Pei, Yiwen Yin, Runying Mao, 2004),
Fast Algorithms for Frequent Itemset Mining using Fp-trees (G osta Grahne & Jianfei Zhu,
2005) 234 Sepeslsfnmlunisinnudidgueasnguuuiiusingueslaeldeudiies
sthadenlilifsmedernudosnislunisldauuned fogaaiu madadedududraion
Audn fainmaumfemsuidududassemsagmaauilelalngysyann dawngUuuud
Usnguesliannsaneusionuludild TuAneiddelumsdunisnsuuuuiivangles
uazUsngeeeainane (Frequent-regular pattern) n1sUsingeesasiniase Ae Jo3a
emsarUsnglunsuuenduvnatuduing  lusssgiedfldlinnuddy enouaues
audeantsluausueing 1 inuddefieides Idun Mining Weighted Patterns in a
Sequence Database with a Time-interval Weight (Joong Hyuk Chang, 2011), Discovering
Periodic-Frequent Patterns in Transactional Databases (Syed Khairuzzaman Tanbeer,
Chowdhury Farhan Ahmed, Byeong-Soo Jeong, Young-Koo Lee, 2009) 9a* Tun1saum
wngluuUiiuTIngUssuasusngedsainane flidosiuusmsniines 2 i A Ardeuds



[

aﬂ’uaquLLaxﬂ'ﬁmﬂqmmaﬁmma (Regularity threshold (0,.)) FailunamilunisTaenisddry
vaanemsnidlunsduisnsUuuuUnngUesuasUsingassasiiane dadufinsuiud
nsfmuaAdaussenfuayuvessemaifuSesiiviilsen assnglddningvassaunisal
Tunsimundr@auwdsefuayu drimunadiaud snfvayusuusnnuluivildsentsiitmn
AuvigaguiuuiiusngUesuazusinguuuatianeiiuiinadesvdelifsenisiidnanlily
msruRsULULTIUINgUstasUngateasiataiae wndlmstmuaa daud senfuayu
foaiRulfagiliddnnumensitinfumesgiuuuiivnnguesuasusnguuusasinee
Fruaumnn ilildnanlunisusznanafiunan wasradnsilioradudoyaitliiala
FremaidalfiAanssuiunmafumngluuuiiunnguesiasusingegaiianeinsuduin
Tnglsifvuadaudsaiuayy ieanmiugeinyaansimundidauisatuayuvesdld
Brstigliagdosmsysnnumedndiifemmasusuumunstmusadouseiumpmosnoms
wagtmua AL s aiaye fan1stivuesiuusadndannsovildieniinistivune,
Iaudsatuayu uaznsfuuardaudsmsainaefidusssgin A inuddy Tned
eideiiieatos I Mining Top-k Frequent Closed Patterns without Minimum Support
(Jiawel Han, Jianyong Wang, Ying Lu & Petre Tzvetkov, 2002), Mining Top-k Closed
Sequential Patterns (Jianyong Wang, Jiawei Han, Ying Lu & Petre Tzvetkov, 2005), TFP:
an Efficient Algorithm for Mining Top-k Frequent Closed ltemsets (Jianyong Wang, Jiawei
Han, Ying Lu & Petre Tzvetkov, 2005), Mining N-most Interesting ltemsets (Ada Wai-chee
Fu, Renfrew Wang-wai Kwong & Jian Tang, 2004), Mining N-most Interesting Itemsets
without Support Threshold by the COFI-tree (Sze-Chung Ngan, Tsang Lam, Raymond
Chi-Wing Wong & Ada Wai-Chee Fu, 2005), Efficient Mining Top-k Regular-frequent
ltemset using Compressed Tidsets (Komate Amphawan, Philippe Lenca & Athasit Surarerks,
2012), Mining Top-k Regular-frequent Itemsets using Database Partitioning and Support
Extimation (Komate Amphawan, Philippe Lenca & Athasit Surarerks, 2012), Mining Top-k
Periodic-Frequent Pattern from Transactional Databases without Support Threshold
(Komate Amphawan, Philippe Lenca & Athasit Surarerks, 2009), Mining Top-k Frequent-
regular Patterns Based on User-given Trade-off Between Frequency and Regularity
(Komate Amphawan & Philippe Lenca, 2013) “a% euaiildarnauidesing q anunsoan
Hyvnstmusardautsaiuayy wasfinuseavsanlunisdumifnsstumnudeanisves
Q‘Hﬂe’fﬁﬁu ﬁqasmlsﬁmmmiﬁumgﬂLLUUﬁUswngUaaLLaxﬂﬁﬂgasmaﬁ"namal,ﬂé’uéfuLLiﬂ
Tnglirmunddaumsaiivayuasiinadnsinguuuuiiusnguesiazusinget1sehiawa il
YUIANTLa518M3 (1-patterns) S1uIumN s?fmmgﬂLLUUﬁﬁﬂmeﬁm&mfﬁlﬁmmiaﬁ%ﬁflm
Tnnsienduiussevineenisld uasililensunuuiifidnaduayutosningndadiady
dunulides vilvgvinidelaiaanudalunisimugun e wadns lagdiaueisnisly
msfumgUuuuiunngUssuasusngasuaianaesusuusn Taglifinadnsvasguuuy
fiusnguaskasUngesvahaueiifivunaeamensdunds Fansfuauensadndues



lngULuUiUIngUesuazUsngetvasnate xaelimslinssiauduiusuesienis
fiunngiunfeuduiisravinm uasasatueudesmatasdld Tnenisdumytiuudnng
vssgaindufuusnuazusingedeasiane finidelfinauedaneifiudiiussansnmi
Bemi1 ETFRP Tngldmsiumiiinian Best first search) lunsdumsuuuulnngustgain
fufuusnuazUsingegrsainane wagldlassairedaddadlunmsinfuamsuuuuivnng
UatuasUrngetwasiiaueraualussrhedupsunsdumn iesmnnlasadddadian
dameurasnisuseudaiuilunisfivioya dwansnaaswandiiiuidanesfiu ETFRP
ﬁﬂssﬁm%mwmmmﬁumgﬂLLUUﬂsmgUaULLasﬂswﬂgaEi’]ﬂaﬁwLauaﬁmqﬁummaﬂwmé’

Tulanzu

wumslunisuideymnn

mntigmilumsduvnsuuuulnnguesaaedudunsniasusngedisaiiaued
wanseadwsvsaaguuuuidaualunidsnenissiuauinn ililiaunsoinsed
Pnuduiusvaesensle RdeddlunAalunisudledgm lavagufulqunmnadnsves
wngUuulsitvuadaud 2 menisiuly wasinoesdRded

1. featuayunisusnggegaiaduduusn

2. femsunngegsasinaeliiumdauiinuasiae (o,)

3. frnavenesgUuuUusaosdyly

Tnelilassadredoyadsrfadlumstnfvimnsuuuuimmnidosandsdifadian
dovepuluFesmstssndaiuilumstafivioga uasimnedunsifufeyaitlianusassy
Frunildtaau Inefdunoudanmd 1-1



Fudunateyaangld Tegrudeya, Iurunadns(k), Adauus

Y

[ Y

AMUaas (g,.), IWdewe, IununsuLend

~~

21ULBYATIYNITLATMLNELAINTIUUYNTUIINGIUTBLATIENTS

Angrensidnisusingdrunninddauusaiyalnans

~~

asdsRdaningunuuiivun 2 5183 lneiSssarduainuinlutes

~~

AumgngULUURvuaNnnd 2 91ens Inedesdiduainuiniudes

AW 1-1 %"’umaumif-ﬁ’ugﬂLLUUUiWﬂgﬂaaqﬂLﬂﬁuoﬁ’uLL'ﬁﬂLLazﬂﬁﬂgathaﬁm,auaﬁﬁmmm

sensInAivils
InguszaeAvasInginus

1 LﬁaLﬁuﬂmmwmmwaﬁws‘maqmiﬁumgﬂLL‘UU'ﬁ'Ui'}ﬂgﬂaauasﬂﬂﬂga&m

athiave Tngweneuivzdunmadnsiannsatsueniennuduiusvesingrieimmnisald
Usngndeu 7 fulddedy

2. levimurtumeuilumsdumsuuuutreiulianunsodumaadnslfagned
Usednanu

YBULUAYBIINYTNUS

1. lumsfumsUuuuusngUssiasusuusnuasnngetisasiane fléasdon
MsfuuesIuIURadNSTIReIn1S (K uazAdautsmuaiiaus (o) freldiduedesdioly
miﬁ'?i"i’mmiﬂmﬂﬁuasi'maﬁ'u,amawaqgﬂ WuUTvhnsAinnsan

2. lunsvadauyszaninmuestunoudinanfuiuesedeuluiBaiaiuas
mhgaudildlunsdman uazdefansanfanuenvesguuuuianusafumls



W P a a & agda v & & W
3. yadayailltlunimedeuyssavsnweestuneuiinAnduivasdudayawuy
Fulayas18n1s (Transactional database) MiUsenauliuieyadayaadiaas (Synthetic dataset)
waz Yndayadss (Real dataset) anunsanilvantianiules http./fimiua.ac.be/data/

Useleviifimnadnagldsu

1. aunsafumgluuuiansdemudiiuvssgUuuuiiusnguesuazysng
atisariane | @AE ety

2. Iﬁ%umauﬁ‘%ﬁm%ﬂﬁﬁumgﬂLLUU%’N@M&'@ﬂwqﬁﬂizﬁwﬁmw fianunsaily
Uszandldluauvaty q dule

3. anhsavmulsasuwuulunsfungubuuang e luldlumsiine
wonaunosannaluls
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2
Jefnaday

D

TuthavaneTisuan Jymmsiuvilestoyaiitedumngauduiug (Association
rules mining) lhSunsiinweg e eiinarnudaluuniivi luuviesnaniduney
wazilenusing 9 lumsdumngenuduiusvesgudoyasomuesnuideiifedadums
Fuvngauduiug fail

1. pMsAumagauduiusvedgutoyasiens (Association rules mining)

2. m‘iﬁumgmwuﬁﬂi’mgﬂaa (Frequent patterns mining)

3. miﬁumgﬂLLUUﬁUiWﬂgU’@&JLLazUﬂﬂgaéwaﬁ%aua (Frequent-regular
patterns mining)

4. psruvzliuuUTINgUsegandusiuusn (Topk frequent pattemns mining)

5. msfumUuuUTIngUesgaasufuLsnuazUsIngetsasiudue (Top-k

frequent-regular patterns mining)

nsAumINgAMNdIRusvesgudasasen1s (Association rules mining)

Tunsfumnngeanudaiusvesgudeyasensgminauaiile U a.a. 1993 Tny Rakesh
Agrawal, et al. I¢Funnganudiniusvssgrutoyamenisnndudlunsenivesfiundefudi
(Market basket) Zanisfumngeanuduiusuesgudeyasemsuszneulude 2 funou fe
m‘iﬁuwQ‘lJLLUUﬁ'ﬂi’mgﬂaa (Frequent patterns) LLaxmﬁ%mgmmﬁ'&Jﬁﬂﬁ‘ (Association rule)
msfumsUuuuiiusnguesfiumsfumiessiuuuiivnngtusmiues 4 lugudeyslned
ailaidfesninArdautaiuayu (Support threshold) gl fudivun Weldguuud
Usinguesud asthiem guuuuiildinairengaudiius ddungarudiiudusasoed
sdfum sty (Confidence threshold) Tasiates Tnsthdnuadslunsusingtusauiu
vossenmsissundlumsunnguesersensianegiuniguievides Sy
anudiusiliandunganudiiusivihaulafseidedanuilunsunngswilidesnda
Adnutsariuayy wagdlmanudesilidesnivadauisnudesiuigldtvun Tagiitew
fiiendioadedl

fenudl 2.1 fuals / wnuwnvesduitugudoys Jaunln /= Gy, iy, i, i}
Taofl i ududlugudeya wes 1</ < n

feud 2.2 el TDB unurrgudoyasions Feussneulufelnvamsu
wgnduusazsa TDB={t,, ty, ts,., t.} Iagil t, Bunsuuenduudazilugiudeyasenis
Tae@t 1</ < n uwaensmuenduazlsenoulufenvessenisdud Tned | dumsneias
VOMTUINTUTINGY £ = Uy, i, J3,. i) 18T £ € 1



duan A vdews 8 \Juansenisdudila q Tnefl A, 8 C /1 uda azaunsalide
npenuduiuslasnisguifnvestoyalusuuuu A-B e A, B S I uasA N B = @ naniAe
Sefimstodud A udineiinistodudn 8 Tudhe

Lﬂm%mii’mﬁhﬂumsﬁumﬂgmmﬁ’mﬁ’uémadﬁu%’amaﬂUmiﬁﬁwﬁuaaqﬁmﬂi
Tnegltidugrmunliun adaudseaduayuuasmamiudeiiu nszagiunsemndduds
wqaawadLszmiw&Jmi‘wﬂimg‘uaamammmnaaumuLﬂm-mmnan weRansaindung
aruduitusiimaulaviell Tnsmendauusisasdisan

1. Aatfuayu (Support value) vesnneudiniug A-B fevinfus wauiivsngtu
$fures A uag B msdesuusemsimualugiudeys Inednidudosas daums

Frequent(AUB) = 100

sup(A - B) = TDB]

2. AinAAeiy (Confidence value) ¥aIngANANRUS A—8 HAuviAudiuau
MsngTusiuiuaes A uaz B wissedtuusngiures A lnsdnluiovas faunis

Frequent(AUB) * 100

conf (4~ B) = Frequent(4)

o ' Y YR %) o v 9 o o =
WJE]EJ'NﬂqiﬂquﬂaﬂqqﬂﬂNWUﬁmﬂﬂiqu%E]l]vaiqﬂﬂ'ﬁ Iﬂﬂﬂﬂ@%a;ﬂ:qu‘uﬂ%aﬂqaﬂqﬂﬂﬂﬁqiqﬂw 2-1

AN5197 2-1 §rudeyamagemsAunIngeuduius

Database
Transaction | Purchase item
T1 Bread, Milk, Yam
T2 Bread, Yam
T3 Bread, Jelly, Yam
T4 Beer, Bread
T5 Beer, Milk

wngldiimunrdandsaduayuly 60% wasAdauisnnudediu 50% azld
nnAIFuTLSSei

{Bread} — {Yam} %ﬁmiﬂﬂﬂgﬁuémﬁ’u 3 Ay 9nvaua 5 nsuwendy
{Bread) > {Yam) axfiatfuayuiniu 2 x 100 = 60 wWodifud



{Bread} — {Yam} azfin1sUs1ngiusauiu 3 afa uay (Bread) finsusingtu
Jiaviin 4 A3 (Bread} - (Yam} aefimarudertuiriy % x 100 = 75 wWofidud

{Yam} — {Bread} %ﬁvmsﬂsfmgﬁuifmﬁ’u 3 Sy nilanue 5 neLendy
{Yam} - {Bread} asileaiuayuiiviu 2 x 100 = 60 weidud

{Yam} - {Bread} aein1Usngiusauiy 3 ada uag fvam) finsunngiustoun
3 A%4 {Yam} - (Bread} azdimmnudeshuvini z x 100 = 100 wWosidus

weaziurndeuleiigldfmunliaglingeuduiusindaulaiiiunosten
Fousatuayu 60% wazATautsmdesiu 50% Ae {Bread — Yam} Uag {Yam — Bread)

nse mumsﬂumngmmauwuﬁluwmauu,sﬂ M‘i@ﬂ’]‘iﬂu%’l‘iﬂLL‘U‘UVI‘LJ‘i’mgUE]EJI‘U
szgziattumsfunidunauny Luaqmnmammumamsaummmmumumﬂmu sUkuu
fusnguesdarudulldimunaedsmg 2 wa Teil unudauanAntueasens
audrlugudeya fsnsfumguuuuiiunnguesesiutusuudnlusiudea vildnséum
stnuuiiusnguatlinaiuu Mmheauduasiuilunsdaivioyasuaunn

miﬁumgmmuﬁﬂiﬂngﬂaﬂ (Frequent patterns mining)

nsfumUuuuiunnguesdunssuumsusnlumsfumnganuduiug dadu
Tunouiilinauiigelumsdunngerudiniug FdimaidaileanBgiinmsdunlagaig
sl 9 lunsdumuagldlasaddayaitundssulanmsdunifleanauasiui
Tumsdaiudeyaliiforas dsmsiamnuddyresgUuuuiivnnguesnnmeauivesnis
UsnguesngUuuundoratuayuurnsunngluimualugudeyamenisvasan
suuuy msfasdusuuuuisnguesldfesdimatvayumnnimSewinfumfauds
atfuayu Jududadigladudsmun Tavlesdusenoudoyadsi

Avualyl | unugavesdurlugiuteda Jean@n 1 = Gy, i, iz, i} Toest i Wuduen
Tugnudeyasions Taofl 1< j < n W TDB unurrvesgudoya deusznaulufoivavas
NN TuLRasRa TOB = {t, ty, b, t.} Ineil t @umsunanduusazdalugrudoyasienis
Tnefl 1< j < n usaznsuwsnduaztsznaulusie aundnvesduduiassnants Jusas
v uLenduasiinneavamsuwenduilaisnu fmuals X = Gy, i, i, i} S /983N
X Iuduiwazunuy (Pattern) w3e Lsumﬂuuuﬁﬁwm L (-Pattern) 61 X € Y uag T, dwe
w84 X Usingeglu 7 fmuald S, Lﬂumauuauwammmmu X wﬂswnglumwama
Sz={ Tz | 1<Z<|TDB|, T; € TDB uag X € TDB} ol S uJumu'Jumml,wmjumummwm
sunuy X Usngaglumsmusnduiiy ¢ vegudaya flidesimunddaudeativayu uas
awenmguiuuras X Indumagiuuuiusinguesls Arsidedidatiuayuvesnisusing
laitfosninAdnudsaifuayy ngeaudiiusiusziiaunisiiedsudud efinstoaud X
wiasiinmstedud ¥ faeduuunudg X— v iagll X S 1uag v S 1 uag X N Y = @ 3 X
uaz v fuemguuuuiiusinges uhnsiuuiiunngUesenalisemannnimeniiuuils
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sUmugudeyaimiariflunmsiunguiuuiunnguesesyssnausegudeyares
suluu g gm?’f@gmmﬁgﬂ (Vertical Database) uaggudayanuiuau (Horizontal Database)
Tepudoyaundmsuanmensduiusaesenisiniunnghmsuusndulady dmnsei 22
duguteyauuiusussuanmamuusndulodiussneuludresemslathe fmised 2-3
wilneunfgrudoyanluazeglusuuuugudoyauuuey dwsieninnuvaniugndoya
wnRafieruagmnlunsdugULUUTVTNg Uoe

15N 2-2 gruteyauuing (Vertical database)

ltem | Tids

a 1,4,6,7, 8,10, 11, 12
b 1,3,4,6,7,8,11, 12

C 2,35 6,7,8,9, 10

d 1,2,34,6,7,9, 11,12
e 1,2,5,8,10

f 3,4,11

g 1,3,4,5,6,10, 12

F15N9 23 guteyauuiueu (Horizontal database)

Tid | Items
1 a,b,dezg
2 |cgde
3 Ibcdfe
4 |abdfe
5 c e 8
6 a,b,cde
7 a,b,cd
8 a,b,ce
9 b, c, d
10 |a,¢ce @
11 |a, b, df
12 |a,b,d g
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Tu ¥ a.A. 1994 Rakesh Agrawal, et al. Islauadanasvinelnles (Apriori algorithm)
WeannsiSeuiisunenisiasduguuuuivngues Tasduenveaansuuuylafiduen
wnguuuulsusngUesinsuuuuvestoyayatuiiiaunalvgnhideslaivsnguesde 3
SanesTuildmsdumunni Breath first search) fadimneugudeya tetudatiuayy
wngUuuuRtivunamisnems (1 pattem) mnemguiuuladmatuayulidosniimTous
avfuayy sgvmafunguuuuiuliluguuuuivnngues ynengUiuUladeauanyy
founiAdauaiuayuiiazrmsneasUuuutiuidu duseusoumirguuuuiivnnges
naanguuuuihasiungmuduiusvunnasssions (Candidate pattems set) I
thiaguuuuinsanfiudug 9 udwhnsiusaduayuressnsuuuuisaosiiusng st
NgIutayasenis uasininisIeuiisumaivayuveen JULUUTLIRaaeTIen iU
Unuysariuayu mnangy |quﬁﬂ'Waﬂ’uauulﬂﬁaaﬂfiwﬁﬁﬂLLﬁaaﬂuaquﬁﬁwm‘sLﬁU'LuEULLUU
wdﬁﬂguaammﬂaaqswmiuuh

funaudsuvinisahaeaguuuuiiduldifuuneasens Tastandnluae
sULUUdBIsIEN1TERAL M TINAY Taeein prefix Tushumisiinilauiisiumissosgavieg
dosflaandninileudu dan prefix fviloutussaduguuuuiiusngueesy wnduianlals]
Hugtuuuiusnguesfivshnmsfmensuuuuiiesdungenufuiugiuiiod snduhns
fumatuayuveaaguuuuiildangiuteya wdwhnsidleufumdauwteatuayy laed
emguuulaiiiianlsidosnitindautsatuayy fasenguuuutulladasnsuuouiiineg
Wungruduiusifaualugindn wasvmsmauuuuiiunnguesvunasig q aunsevisls]
anunsamgluuuiiusngUesld Sanesfuilldimnsfumahautudeyasiuaumn 4 vie
grudeyavuelng Wewmindewaiaenguuuuinasifiungemuduius (Candidate pattems
set) Sraunnuaziinssudeyanngudayanatoads iesnynadsiifanisnsaaeudn
wasUuuuitdululfiduguuuuiunnguesvielduazazdessudeyanngrudeyaiiiomen
auayulumsusinguneda

Tu U A.f. 2000 Jiawei Han, et al. o nauadana3fiuewinlng (Frequent pattern
growth: FP-growth) “I,umsﬁumgﬂuwﬁﬂﬁngﬂaa Iﬂﬂlﬁjg}'a\‘la%ﬂL%WEULLUUﬁﬂWSLﬂuﬂ{]
audutusuashmasuguteyasematiissassads Sanaifiudldlasadeiliiofvi
(Frequent pattern tree: FP-tree) lun1sadaiewiividsznoude 2 funeu Suneuusn
Budunnsndeyanngruteyaens Wetfurativayuvesasguuuuidvunavilsianms
mndeyalafiraiiuayuosniidausaiuayufiviimafanenisduiis mnduinmsideed
afuayuveseagiuuuInunllley uazthunwnsuiiulifnnsauanuesninud (Header
table) tumenfteesuuraenmuuenduliFeddusenmuemiivsmmemslumnauanias
eivnnlulies Tnesensitlieglunsianuasmsiasgndaiisae sndulidudeys
emsdnads ileairnenivilamhdmemsidesdduailusas nsuusndululdly
L@WWmstaLLamiﬂLLUUmiLﬂmwuawamaﬁaﬂﬁwmsuaua’l,mwﬂﬂﬂgm 9 zriunatiuayuy
diuguitaevils duneulunsfumsuuuuiusnguesaneniivisl 3 uneu fe () e



12

WM WMEUNS (Prefix Path Subtree) 183518 3iifioanTs (i) a¥unsuAtuueatuaumii
(Conditional Base Pattern) uag (iil) a%ﬁagﬂuwﬁﬂsmgﬂaa fupounsnizuainnisads
WERnwIMAUVEUeIEMsTiFeIns TnefinnsananndeyadiduanVinevasnisananias
asiiudndunsn nduinmsfuniiisensiifesnisiarsanansuld udithanadng
Wiinwmduviideyaildanmsadadiinnmdund sludoyamensiusngtuswilee
azasnliaTuYNI18nIs Tupeuiidesimifinwmduviunaineuituneaaunmii
ntiuaeulianniiinumduniiuteyaiiiansan (Conditional FP-tree) udwhnmifutoya
fusngiusmiunn 4 ems ynegUuUvngTusmtuesladiaatiuanlidesnd
Andaudsefuayuiianualy lwasUuuudsnanfasduguuuuiiusingues iimsiansandeya
ynimgUuudlumnanuasmuiauiiseyadifuusnga (Root node) Aagldguuuuiiusng
Uoeiavun

nsAunzULuUnUIIngUasuasUsngagnsatese (Frequent-regular

patterns mining)

msﬁwmﬁaa%’auﬂagﬂLLUUﬁUﬁﬂ{]ﬂaa (Frequent patterns) Tagldauivesnis
Unngiiuinasiiaanudfguesensuivuifistegudedliaunsansudymlunisie
veealet 1wy Heymnsdamsadondus Wusu Jadddinsinauainastlunmsiaanudidey
ﬁuaqgﬂLLUUﬁ'Uim{]ﬂaaLﬁuﬁutﬁamauﬁﬁwﬂumuméqﬁu’u fiufio JUUUUTIUTINgoEs
athiaue (Regular patterns) UuuviUsINgegainaneiive3undnog1ein “Periodic
patterns” damnismgUnuuiusngenasianefuiFesiiedaaturdisnanazsjautiuly
ﬁwqﬁnsiumsﬂiﬂﬂg%ﬂﬁﬂﬂ%ﬁuaﬁagaﬁ&Jms‘lugnwﬁa;ﬂaﬁwmw‘%amaﬁaumaagnwﬁa;&a
semstagfvuadugiinm msviwilesdeyaguuuuitusingedraainaueldsumsang
mugiumsiniiesteyasuuuuddy Saufinisfumsuuuuiiusingesvainauesy
Aeadesogulnddatunsfumsuuuuiiusngues uivesedsiiguuuuiusngessesuaue
igansoirlldlneasafunsiumsUuuuivsngUesangrudeyanensle msisiliveua
vénaesUszns fe UszmsivilssUuuuiiifauuvainaneazfinnsanesidlnonmilessming
Pnalanamil Ussmsitensguuuunnguuuasitanslildfnsananddaudseduayy
Fududeulaililunsiaguuuuiiusngussmesintu Tl e 2009 Syed Khairuzzaman
Tanbeer, et al. Ifiausmadian1sfumsuuuuiiunngussuazusingesisaiiase Tt
n1susngegeminausuazAdaudsatuayuanlfidunusiiaeud Ay sansiuuy
Tugrutdeyasients Jymusamsiumgiuuuiiusnguesuazysingedrsasivaveiins
smndayadal

AAUALA | WNUGRYEITIENITIUGIUTRNATIENTT [ = {iy, fy, i3y i} Tnefl n=1
FmUalAR X = { iy, iy, iz, i } € 128580 X T000EATULUY (Pattem) M%awmgmwuﬁﬁ
e | igudeyasienis TDB=( t,, t, ts,.., t, } Iaggrudeyasienisivuia n niuwendy
n = |[TDB| (vuAYoImMs1URINTL) Waazns ety t, = (tid,Y) \Jugaidu Tned g e
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wneaInsIuLenTuillgfy uay Y <l Y Angukuy 81 X < Y nanledn Samguuuy
X agneflu ¢, Foudadnualunils ¢ alfemsuuanduimuaiifiangiuuu X Unng
aEllEUUNUAIEY T = tpx, txp+1,..., th } e p,q € TDB AmatiuayuveuyagUuuu X lu
gudeyasnenis Supy =| 7| Wiudnwiunsuuendudifiesasionts x Usnglugudeya
Wi, uay £, Wunsmuesnduiiedulueaves 7° waglifinsuuandulefiogsewitenans
£ Waw £y aEl6l 1ty = txpl+1 -t L’f]uﬂ"]szijmmsﬂs']n;]qigwmaawi']ul,wn%’uﬁﬁLezmgﬂl,wu
X Usingagromaunenduy Fernssesvinaveamsunendundionsuuuy X Usingsusnuas
Aaavineldauunuse =t wag Ir = |TD8| - tX|TX| ANEIAY  LYATVDIAITZHEANNTIU
Lwn%’uﬁgwmﬁﬁwmgmwu X Usngegilisunnusg RIT = (f°, rit,’ rtts, ., rttX|Tx,,
(7 1 lagAnsgeznsusngiureaenguuu X fidunld Ifanaunis F = max (7, nt,
s, .., rttX|Tx|, ir) Iﬂawmgmwuﬁﬁwm X Usngegaziienii gmwuﬁﬂsﬂngﬂammg
Usngesasiianelddesiuideulvasde #i

1. mma:ﬂ"wLaua“lumsﬂiwngszjgwaawmgﬂLLUUG’T@@MLﬁum%mmammaﬁ%ama
(o)) ﬁsﬂ%ﬁmuﬂ

2 ehatfuayuvesenguuuudestsitesndnmdnusaiuayuigldiu

dafu SmnsdumssgUuuuiiunguesuasusngeduatiae Ao medum
wnsUuuuiiudeuluisassangrudeyasens Tnefiglideadugmupadausatuayu
wazAdaussmnwaiianefifunasilunsveaey Tnefldenazimusladniusnsiesas
Y94VUINFULBYATIBANT

ognslsfnuglifesimunnariifaudsaduayu Jansimuaidauativayy
Tifauusaduayulimnzaududoyanentstuildon moziletuuadiesiulfad
msadagUuuuiungUesduaunn dddnauasiuilunisiniudeyadiuiuinn 3
wadwsngauduiusilaenslithaule sndmussnnfuluivilfnsadeguiouiivang
veednunuleevieliiimiaiaay nnvgmsaldinandeilidsnddelumsiiviiodeya
Wiedunsuuuuunngusegaadusuusnuugmdeyamonisiaglifestmunddaus
aduayu

n1sfuniguuuulsIngUaggamduaunsn (Top-k frequent patterns mining)
msﬁumgﬂunuﬁﬂswngﬂaa (Frequent Patterns Mining) asﬁﬁmwﬂumsﬁ;ﬂ%’ﬁm
inmsimusAauUsatiuayy (Support Threshold) 6‘?’5@L‘f]ufi’admnﬁm%wﬂﬁ’hwsw@‘h’quu
Tngjinaglaifiuszaunisallunisiarsandauisaiuayuimnsauiudeya esinmn
fnuserdaudsaduayuienfulufashlifansairsguuuuiusnguessiuousnn vl
Tnauaziuiludafutoyaduasnn uuuuivnnglesitldentlsiineds mngléfing
favupadaulsatuayusnnidulufasyilisuuuuiivsnguesiisnutes Feviilvnnsm
wadwsvosngaudius lifiusEAvEam uasnadniinesnsengndeusylugudeyasiams
mnimgmsaliilifenssuiunsildmetmussunadndidesnsuyunstimue
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Adaudsatiuayu 398nsiananiSenin “Top-k” Fsazimuadtuunadwiidienainud
Tumsusinggeamnsusuusnlugudayasioms deisnsiidaelsigldlifestmunadou
arfuayu vihlvagaanden1sldau aalymanugaenlunisimusd@audsaivayuuay
sadwSTldmsatumuoImsvealdunndady

fewdl 2.3 lwnguuuule 9 Aesdusuuuuivsinguesiadufuusnls ssdeddl
suuvuUnguesifidayumnniliiu k-1 1

sownldfinnhiausiimsdumsuuuuiiusinguesgegn N wausn (Yin-Ling
Cheung, et al., 2002) Tagfinsdumsuuuuiiusngussdiuiu N Afldratuayugsgo
gtlLLUUﬁﬂimgﬂaaﬁmmmq@?&Lm'1 whammemgagauas N Aesiuiuiinadwsiideanns (
patterns set) TnegliTugfiwun Tneffamsansiiurigninauslunsumsuuuuiusnges
Ao LOOPBACK, BOLB uag BOMO wanusanasiuldsaulatnainisieniivg daneddiu
BOMO Usznaulufreassduneu Tnetuneuusnavadraoniivg iamuauysoivessiens
ﬂgwmlugwwﬁa;gaLﬁ'ammmfﬁﬁﬁmLLﬂaaﬂfuaqwaagﬂLLUUﬁ'Uﬁﬂgﬂaa N dhdunsn antu
fagyinsAum suuuuivsingues ’luswd'mﬂi‘?umaumié’ummaﬁfuaqwammgﬂLLUU
Fomnaziduiulasmsfinnsananadauaivayuressuuuuiivsnguessitan N g
wsn FagnldifumdmiuieguuuuiiunnguesidmatiuayutiesndtAdausativayuly
N dsiuiksn sanafin LOOPBACK w314 FP-tree Uagruunadaudsativayulaainen
atfuayuanguuuuiiusingUes N ddunsn Suauvesguuuuiusnguesiiosnis
N &1y azvhnsadaeniviifinsnmemaaduayuiivnadesamamddy el
Surugluuuiiunnguesinndudteldluduneunisfundaly Sanedfiu BOLB 1Hu3
11511 BOMO wag LOOPBACK anldsauriu Ineazimiloudaneadifin BOMO lngasaewiiys
auysaiifissndafen ussduneunisimiledeyaldussgndanmaiianes LOOPBACK T
Jianyong Wang, et al. ”Lé'mua%%ﬂ'\iﬁumiﬂmmﬁﬂimgﬂaaLLUU%mé'uéTULLsﬂ (TFP)
Iﬂauﬂ’s’mmwa\‘iwmﬂLLUUI&J'LJ@EJH’J’] min, (Jiawei Han et al., 2002; Jianyong Wang et al.,
2005) ﬂ’]LﬂLﬂu‘\]’lu’Ju‘ljmiﬂLLUUWﬂ’i’lﬂgU’e]FJLLUU‘lJGWIG]@Qﬂ’]’iﬂuWILLa“' ming upuegmdusii
gasguuuuiiusnguesuuula Saneiiiu TFP az3uAdaudsatiuayud 0 Tagasvinisdn
foyasenisignisusngifosndt min oen aniuthdeyasenisifaudamadaenivs
ertuAdauwtsatuayuuagldibunaslunisineniivg feduneulunsadaenivg
Wemedauatiuayuigavngldinaumuasmsldidausatvayuiilunsinendivs
frgrudeyaiinsusendudiuinnuagiiyluuuen 4 usnand TFP Saneiiu (Petre
Tzvetkov et al., 2005) gﬂﬁmﬁﬂLﬁUL%@gULLUUﬁﬁWQ%LfJuIUIﬁ (Candidate patterns set)
weldneaeuinguiuuiumnguesiliduguuuuiiunnguesuuulinge
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1Y 1 s as 1 °
nsauniIguLuUUIINgUstgatrauaulsnlazUIngaensantdus (Top-k

frequent-regular patterns mining)

Wlefinuszavsamlunisinnnudifyressuuuuusinguesasiadusunsnls
annsaneuiyvilunuusussaniiguuuuiiusnguesiiannsaneutiymild Salmaiy
inassiendausanuatiauelunsusingdivesguuuuiiungUasiaduguusn

fenuit 2.4 waguuuule q fesduguuuuinnguesaneduduusniasusng
arhiaweldl axdoafinaand 2 dadedl () finsusingegiasiiaueliiiuaautemn
asiae (o7) () TsUuuuivsnguesiifeayusnnnitliifu k-1 1

Tutla.e. 2009 Komate Amphawan et al. T iauadanaifiu MTKPP Tunshum
sUuvuUInguesaamsufulsnuazUsngesvasiiateang uteyamemslaeglilives
A doutseiuaylneliniseudoyaongudoyaifivrdafiswiliussvdanm o
AumiemgUuuuiitidnatuayugeanadustuusn TneFesinatuayuemguuuunnuinluties
wagldmsfumiiiiian (Best first search) TumsdumsuuuuivsngUssuassingoeis
aslawe uadlilaswdrededdanlumsdafiudoya ilildnailumsyssananauay 4
Tunsdaivdeyadesas uilunsrumsUiuulnguesannsusiuusnuazusingeeis
ashuauefimuemsaus 2 emstulu sddnalumsuieufisunisusngsufuvessems
lunsagnsuuendudldiaairautiauin

Tu ¥ Af. 2011 Komate Amphawan et al. 3dlsinauanisaumsuuuunngues
gaiAdusuusnuazUngedasianelngldnsutagrudeyasionisuagnmsussuoe
atfuayu (TKRIMPE) Wileusuuganalumsiunsuuuuiunnguesuazunngessamitauelag
msutgrudeyasienisesniliudi q feomdaudsmnuainane Tnofaunisaisus
grufeyasenisdel

aun1sn1suaguteyasiens P, = |TDB/ o, lnegudeyavzgnuisesnifumfidu
wezdaiudoyasemsiuraglunsuuendunmsiuoy P, essmusliisnguuuu X Unnglu
P, \WaULIUAIY Txm={tq | X Sty tq € Pt Ui T Lﬂumwumnﬁﬁ’uﬁﬁwmgﬂuw X Usng)
T ={T o Ton I W S Wudaduayuvssanguuuuiifiaguuuy X Usinglugiudeya
sty m Beuunude S = |7 SwauraiuayureseaguLuufion X Using
somelugrudoyadouunude S¥ = Y 5%

daagns Tasgudeyasonisisiunsuuenduiomn 12 men1suasiinuas)
Fautsmuainanslii 4 farsansiens a ssusinglunsuusndumneias {1, 4, 6, 7, 8,
10,11,12} (T° = {ty, ta, te, 7, Lo, tio, L1y, trod)

dovhnsusmesgudeyasenissemiautseuaiane ssuigudeya
snseenidu 3 midudanini 2-1 Tnensruuendu (1, 4} szgnifvlu 7,, Fadunsuwen
Fufitlsrenis a Using wavstunendu (6, 7,8} uag {10,11,12} azgnuivlu T, uae T
ALY HaBLARMIIULTATUTisIEnTs a Uiﬁﬂgﬁ”'wm Ta = {{1, 4}, {6, 7, 8}1,{10,11,12}}
FatfUAy UL T0991n1T @ WU ST = 2+ 3+ 3 = 8
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Tid | tems
1 a, b decg
2 c, d e
Py
3 b,c df ¢
gL 4 a,b,dfe
P, 5 G 68
6 a,bcde
7 a,bcd
8 a b, ce
719 |bcd
P, 10 aceq
11 | a,b,d, f
l 12 | a,b,d, g

AN 2-1 UUetegIuteyaTIeM sl daluInNaaNe

FaadalunsudsgrudeyasonisesSsuifieunisusngfusuresnguuuy
soniludiy q azanunsnanUBinumsisuiisulensuuuuiiusng sauiuld shlinanly
naUssInanadwsiluseansamnniy wazmadansussaraduayuasUIeindnnig
Wisuifeuenguuuuluduilisdusentulsiundau wifsegralsinumadwivosguiuy
UnnguetgansuiuLsnuasUsngetisaiianaandanadfiy MTKPP aeilnadwsvasian
suwuuiitivunafunilesnenis (1-pattern) Swaulsitiosndn 30 Wesiudvomadnsamun
fTiwzmg*LlLLUUﬁﬁmmmwmiLﬂwﬁd szliianunsninuadnnganuenuduiusuazliannse
dwadnsluTiaseimanuianuadnsdananle neideddladnauedansifiu ETFRP
Wenuidgmsangn Iﬂaﬁ"ummaqlﬂmguLmuﬁﬁmmmﬁ%Lwiaaaiﬂamiﬁulﬂ ielslekadng
sUbuuusnguesaaiaduduusnuaz s ngodnsasiiauefithluairenganuduiuduas
Aemesimenuding q 1§ feazndnisfunsuntsiuvesdaneiin ETFRP Tuunil 3 dely



unil 3
ASAiuN15IY

Mnunnoumildvsukdrinstmuamdauiseaivayy @fimmnzean) ey
msfumsULUUUINgUstuaz s IngegrsainauofiuFeaiivilsin aintlgmidsndndléd
fnddglddnauansimunduiusadnsifeans (O wumsimusAdaudsaiuayu 39
aghlilgmmsfumguuuiiusnguesiasusingegisasinaue (meldmdaudseduayy
wazAndauisnnuasiae) IdnanafunsdumsuiuuiinguesaandusiuusnuazUsng
othsarianefisesAummadndiduaguuuumusnuigldimun uisgrdlsinuiiam
nsfusUuuLludnuasfinaninasiudmadndidunsuuuuiifivuinidn (eguuud
Uszneuludesemaiiien, 1-pattem) FsagvinliidosnTinseideyaliannsoatnemu
fuiugsgniasensdelianunsafumissdanuifivhaulals antlymdnsiu et
f‘fmﬁmmﬁmﬁwﬂ%’mﬂ?{sJumiﬁumgﬂLLUUinngﬂaaqmﬂé’uﬁuLLimLamJ's'mgan'Naﬁ']Laua
Tnemsimusliunvesengiuuuiidunadusasdesusznausnenenisediaies 2 mems
Pl Feaw v‘iﬂﬁawmm’iLﬂiﬂvﬁmmﬁmﬁuémamamim"m 7 wazdnfunaiengaaudniug
vosdoyalddnie dadu luuniasndnfeiommomadnifnuideiasvmsinnsanuas
nAmdeunevisAiuauedmiunsiumedmludnasing

msﬁumgﬂLmuﬂi'lng]‘i.iaaqmﬂé'uﬁuLLsnLLazU'sqngasjwaajﬂLama

Mnitldnandredu msfumgiuuungUesaaiadusuusnuazUsingeeng
aauesinasAuAradnidumnsUuuuAivnadn (wngluuuiiusznaulufesiens 1
s1ems) udnnunn ieflstuduteriaiadneiu enideitddvihnsfinsnsadng
9INTaNaT7IN MTKPP (Komate Amphawan, et al., 2009) Faadusanesfudnsudum
guLLUUUiWﬂgUaaqmmﬁuﬁumnLLaziJﬁﬂgaehqaﬁ'uaua Tagvimsiansansadwianuiy
Foyaviedu 5 uludeyaiiduiisinfuedrsunsviars (@usaamiiivanlsd
httpy//fimi.ua.ac.be/data/) §ai)

1. Chess Usenausiedaya WiBu 3,196 T uEnTY

2. Mushroom Uiunaumwﬁagaﬁu’fu 8,124 Ns1uLBNTY

3. Conect U2 naumwauaﬁuﬂgu 67,557 NIUUINTY

4. Retail Usnaudedayarisdu 88,162 nsmuumndy

5. T1014D100K Usenausnedayariedu 100,000 nouusndy

Tnglunsnaaouazyinmsinuaadautemuasiausliiandu 2, 5 uas
10 LU@%L%waaﬁﬁmuwsmLLszmﬁiTuﬁgwmlusqm%u”a wazvhnsimueduIunadwsTifasng
(k) 4100, 200, 500, 1000, 1,500 uaz 2,000 Awsey Tnglunsiansanuadnsiilaan
nsimsundanadiiu MTKPP agfinrsanfldnnuguuuuisiouadn fmsed 3-1-3-5



a1397 3-1 wegusuunnadniildendanaiiin MTKPP dudunisiuuiudaya Chess

IAYAFULULTUIALEN Chess(%)

S ArdanUsnruasiaue

10% | 20% | 30%
100 11% | 11% | 11%
200 6% 6% 6%
500 3% 3% 3%
1000 2% 2% 2%
1500 2% 2% 2%
2000 1% 1% 1%

AN 3-2 LszmgﬂLLuwmﬂLﬁﬂﬁlﬁmﬂﬁaﬂa‘%ﬁu MTKPP dufiumsiuuiludaya

Mushroom
mmﬂwmgﬂuwﬂummﬁn Mushroom(%)
P ArdautsauasinEse
10% 20% 30%
100 1% 1 11% | 11%
200 8% | 8o 8%
500 5% | 504 506
1000 3% | 309 39
1500 2% | 29 20
2000 2% | 994 204
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=] v v @ g ap o a ) %)
91971 3-3 wwngUuuuruadndildnindaneifin MTKPP dufunisiuuiudeya Connect

AR FULUUILIAEN Connect(%)
ST k Ardautsranuatase
2% 5% 10%

100 10% 10% 10%
200 5% 5% 5%
500 3% 3% 3%
1000 2% 2% 2%
1500 2% 2% 2%
2000 1% 1% 1%

AN997 34 mgUuuuwIadEniliaInganaifin MTKPP dudunistiuuiudeya

T1014D100K
muﬁﬂwmgmmwmmﬁn T1014D100K (%)
S K ArdauUinuasingue

2% 5% 10%

100 100% 100% | 100%

200 100% 100% | 100%

500 89% 89% 89%

1000 56% 56% 56%

1500 41% 41% 41%

2000 31% 31% 31%
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S| Py (7] <f =f [ = ¥ Y .
f1319 3-5 Lsdmg‘dLLumemﬁﬂwlﬂmnaanaim MTKPP siilumsiivuiludaya Retail

°uu'1mszmgﬂl,mu¢uu'1m5n Retail(%)
AN UIAINALEHUD

Sk 2% 5% | 10%
100 38% | 43% | 43%
200 39% | 45% | 45%
500 35% | 42% | 41%

1000 35% | 39% | 40%
1500 35% | 39% | 41%
2000 35% | 37% | 39%

NA1eTl 3-1 fe 3-5 unsuansesidurasdiuugliuulsnguesgan
dusuusnuazusingegvasuane i adundenensiignduvnaindane3fiu MTKPP
Wedaunanuindldszydwaunadns () A1y 100 Tumsredt 3-1 f 3-3 aznulerguiuy
flvnaniemenausznn 10 Wesdudtuly wiiled k istuenguuuuidunienens

Asuanas Wesanlenal k unndulentafisienisnaziindunieudufazuinduaiyluse

iz unenisitanieuiievnnntu dean k fiddes a1 k aefiduautesndy
Sunuensensiunngedaiuae vliluensens opk dadfgnussadenemsiiAsty
Her q wmeidatuayuswaunn slimsidoulinunensiivsngtudmiu lumsed
3-4 Waga137971 3-5 iulaindanediin MTKPP Sn1suanwadndaifiuuinvesiensuuuy
WHunissenssnuinn dunaldandnnunesifuvesadns wegldssydn k auan 100
uaz 200 asuanmadnsieagUnuLTiTiiuanilenens 100 wWedidu dwsulyid T104D100K
uazdusuan k 3u q Auansduunadniiifeuadunisensldinindesas 30 vesdn
wngUuuUianIn Saamsremsitnunaiduniisenmserliannsoinsginrudiiusuos
m'il,ﬁﬂ%u'i"mﬁ’uﬁuaaiwmiLLaﬂu'mm'mﬁfﬂﬂimeﬁwlmmiﬁu 7 NAFULUUTAU
18 Farly muﬁaﬁ"aﬁ%’aﬁmmﬁﬂﬁ%ﬂ%’um?{aumsﬁumgﬂLLUUUsﬁﬂgﬂaaqﬂmﬁuﬁummmz
Usngetnasiuauslasnsimuslivnavesguuuuiliunadnsazfonssneusnesemsatig
oy 2 'iwamsﬁulﬂﬁsfimaé’wéﬁﬂ”‘VT']m':?ﬁ'um'«ava’lu’ﬁaﬁmﬂé’ﬁqﬁamﬁ 3.1

fenudl 3.1 L"U(ﬂ’i‘dLLU‘UIG] i iﬂuLUU’iULLUU‘UiWﬂgUE)EJﬁ(ﬂLﬂEJuﬂ‘ULL’iﬂLLauUi’mgLLUU
aavefveileguuuuiu 4 fnaeudAded: ) feadfuayunsunnggegaiaduduusn
(i) fAmsusngedwasiauetiesnimiewiiumdauisnuamiieae (o) i) Tuun
vosamgUuuUausaessonistuly
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) 14 v aa agl’ o v P v/ o o
nilgwmdeany uddedagvihnsdumguuuuihaulanelansfmvuadu
v ey S 1 ° o galw v wva v a =
HAANGTIABINT (K) UagAdaudsmmainae (o) Inenadwsiildavilnaaudfnailoui 3.1

SunaudFfaue

ndgmosadneitoimsnelitenn 3.1 snAdeilddiauetuneuitiiavh
msﬁumwmgﬂLLUUﬁﬂﬂé’nﬁﬁ%a’i’] ETFRP (Enhancing of Mining Top-k Frequent-regular
Patterns) flazUsenoulugqe 2 Suneuvdnie 1) ETFRP-initialize Lﬁu%umaumiéwu%'aaga
mngwu%’agaLﬁav‘hmsﬁmsmswmslﬁm 9 (single items) ﬁﬂimgaéwaﬁwLauama‘l,éfms
fAvusndauismuaaye uag 2) ETFRP-mining Ynmsfumsadwsiiflguasifinssiu
e 3.1 Tngnsiansannadwsnldanduney ETFRP-initialize muddu Tnsusastunoud]
msveuduanddunwil 3-1 way 3-2 audisu

5 A (%] o % - - .y .
PUADUN 1 aanasyd ETFRP-initialize

~~

1.1 gudeyasienisuagyinglawmsuuenduaingiudeyasienis

~~

-] y 0O L dl 1 Ad 1 1 ] a
1.2 aullun1smdnsiensfiseesriawedn1sumng Alaminnanade
LUSANINANNLEND

l-:ll v 1 v o 1 t; 5 .:] d!
AN 3-1 ﬂ?iﬂu‘ﬂ’]gﬂLLUUU?WHQU@U@@M@UWULL?HLLﬁSﬂ'ﬂﬂQEJEJ'NﬂiJ"lLﬂﬂJFJ‘UUWEJUVIWUQ
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as

Funaud 2 9ane3ny ETFRP-mining

~~

2.1 adsddadsUuuuunnguosgaindusiuusnuazusingetwasiianedid
e 2 Mensuazisssdauludsddadanaatuayuniniutes

~~

2.2 AumjunuuilusinguesgagamsudulsnuazUsingagaadayeiil
WANATT 2 18T waaadduluieddadainAatduauunnilley

P 8/ 1 v @ 1 ° 5 o
NN 3-2 ﬂ?iﬂu‘ﬂqgﬂLLUUIJ?Wﬂ{]UE]EJ?!ﬂLﬂE]uWLILLiﬂLLﬁ%‘UiWﬂ{]E]EﬂGﬁN']Lﬂua‘ﬂum@u%ﬂaﬂ

N32UIUNI5M1e1UURY ETFRP-initailization

ETFRP-initailization Wudumeuusniidfiunsfiunmemsiten 7 Wlefuvigns1ens
fusingtheainaue Tasisuswdeyanngrutoyasenisuiuliludvimes Inglutiied
finsdmftudayadsd () Jesrens () Araduayu () neuwsnduled G Fenuashiaue
Iuﬂwsﬂﬂﬂgm‘uaaswmswLUuswmsme 9 A Lﬂui'lamswﬂs'mgamm |Laua‘1muum
m'mamLaua‘lumsﬂsmgmmmswms Fosdidtiosniwewiriuddautsmmaitane
wﬂmmwuﬂ mﬂswmﬂmummmamLawamum«uwLmqmmamLauawﬂmmwumaua
semstuazgnauiis LLavLaJa‘LﬂLszms'lams'vmmi‘ds'mgaaNau'n,amamwmum SRV IRTIN
wmwmsmummumauuaqumﬂmﬁlﬂuaammumauw 1 gl

Huneuil 1: ETFRP-initailization

Input: A transactional database TDB, a number desired pattern k, and a
regularity threshold @

Output: A list of sorted items with regular appearance

(1) create and initialize a buffer for all items
2
3
(4) update the value of support, regularity and collect t, in the tidset of i,’s

for each transaction t in TDB

)
) for each item i, in transaction t
)

entry



MUANDAYA UHIING Y TWT

ALAUGY 8.44099 9. 3015 20131 23

for each item i, in the buffer
compute lr'y and r’y

)
)
) if r'y <0
) remove j, out of the buffer
)

sort all items in the buffer by support descending order

N52UIUNTIYIN9UNBY ETFRP-mining

fupouflaes ETFRP-mining Lﬂu*’ﬂsumau‘l,umié’umgﬂLLUUUimgﬂaaqﬂmé’uﬁU
usnuazUsIngetnaashiane (Top-k Ust) Affvunaessnenistuly Tneduduainnisihies
MemsiiusngessaitensuainsgUuuuInngUstanindusuusnuasUsnges s iaved
flvunaessens Tngldnsdumitiian Best first search) Tun1sfiansansienis
wiazganigngUuuUTIngegainate fasRonsananmemsgidaaiuayugegarou
Tnemsmusndulefusiazsnemsitdugiundumesiendusy Jeaylddeyamneiaumsuusn
Huiiurnghufuesenisies wasdmnurdawlsmuahiaevossnsensgiiu wn
yemsglatiareuaiiaueunninddausrnaiiens (> o) AldRwun vieiianeivayy
fosniatiuayuasusuusnfasgnindeyaiisly manumensglediflauautinuten
7l 3.1 flazvhmafisdeyanguuuutriulu Topk Sadmudwuvesdaiuayuressensg
dulaeFesdisunnnnludesiinsfislu Tokk dad 2 ukuu

1. wpslluugtulAatuasnnnitesnenisfgevinedduiliaves Topk Aad
Lﬁal,ﬁuwmﬂaﬂﬁfj‘tful,l,é’a dduiiuesuiureensensigavhefezgnatssnain Topk
dael

2. waglwuugifuiicnatuayuiidaduauwinfudatuayudeyasaioves
Top-k Aar wwmguuuugiuasynsnserielu Top-k darfusideyalu Top-k Aarauiudiy
iaudfian

nduinmsudauasuyndsensfiasld Topk Aafuanenmemsiiusnguasde
induduLInuazUIIngetvaiauefifluing 2 91803 Fumeusiosninnaunisasemsd
Usnguesuazusingedwasianeifivwainnndi 2 s1eans Insfansanwnguuuvaun
2 iwamiﬁagﬂu Topk das meldaesdouluialuil o ‘U‘mﬂ‘UENL‘UﬁlgULLUUV]zQaEJ\?ﬁﬂWNWﬁﬁ]WEMW
iy (i) waguuuuisassihinnfinnsanesdesdinensiumtiwilouty n-1 & e n
Ao vunvanangluuy (neusasinUiuuasaedianinauminmiiouduynsneniseniiy
audinfaeiing) ielemsuuuuiithnfiarsandeuantindestedaduastunfiansan
nsUsIngTuTauiy \leairegUuuuiiunnguesuagnngedsaiianeifvuiaannmi 2
1813 Ingasifiuvieandayaveansuuuiludeddadimemaivayuiazanuaiiiae
ypawngluvudiunnst levhmsusadlsmumnsensglaidateuladendn dedidums

365239
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AsUnNERULULL glisunuuumnguesgamduduusnuasUsing et was natenivg
fausl 2 91959 Tneuanstunaunsinudaguneun 2

Sumewd 2. ETFRP-mining
Input: A buffer containing all single items with regular appearance, the number
of desired patterns k, and the regularity threshold ¢;
Output: A top-k list containing the sorted k regular patterns with highest
support and contains more than one items.
(1) for each item x in the buffer
for each item y in the buffer
sequentially intersect T and T and then collect the result in T~
calculate s” and '
ifrY < o;and ¥ 25
remove the entry of the K" pattern out of the top-k list
create an entry for pattern xy with its support, regularity and tidset and
then insert into the top-k list by support descending order
(8
¢
(10
(11
(12

. PO PQ
(13) ifr "< gands =5

) for each entry of pattern P in the top-k list
) for each entry of pattern Q in the top list
) if|P| =1Ql and p; = q1, pz = Gz, .., P11 = Qo
) sequentially intersect T and 7° and then collect the result in 7°°
PQ PQ

) calculate s “and r
)

(14) create an entry for pattern PQ with its support, regularity and tidset and
then insert into the top+ list by support descending order
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Chess Regularity 10%
ETFRP Pattern size MTKPP Pattern size
2 |3 |4 |5 |6 |7 (8|12 |3 (4 |5 |6 |7 |8
100 | 32| 40| 25| 5/ O 11 28| 37| 22| 4
200 |46 | 74| 57| 22| 3 12| 45| 70| 53| 19| 2| O
500 | 64 |147|172| 98| 22| 1 13| 62|144|167| 92| 21
1000| 88 [229(326(253| 95| 14 16| 86|224\320|248| 93| 14
1500| 94 (274|451|424|211| 48 16| 941273|450|416|205| 46
2000(101|316(558|574|344|110|13|16|101|312|550|568|339|105|1
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Chess Regularity 20%

ETFRP Pattern size MTKPP Pattern size

2 |3 |4 |5 |6 (7 (8112 |3 |4 |5 |6 |7 |8
100 | 32| 40| 25| 5| 0] O 11 28| 37| 22| 4| 0| O
200 |46 | 74| 57| 22| 3| O 12| 45| 70| 53| 19
500 | 64 |147|172| 98| 22| 1 13| 62|144|167| 92| 21| 1
1000| 88 |229|326|253| 95| 14 16| 86(224|320(248| 93| 14
1500| 94 (2741451424211 48 16| 94|273|450(416|205| 46
2000|101|316(558|574|344|110|13|16|101|312|550|568|339|105|11

K

W OO |Oo o
W OO (O |O

= ) 1 YY) 1 )
19799 4-3 ‘\]WU’JUE‘ULLUUU?WﬂQU@UﬁWLﬂ@UWULLiﬂLLaS‘USWﬂ{]@EJNﬂfLHLﬂN@GI’WN“ZJUWWLGZIG]
u o <f 8/ 8/ A ] 1
E‘ULL‘UU‘U@Q@aﬂBi‘V]N ETFRP e MTKPP I@IEJI‘ULLWN‘U@H@ Chess NAUALUY
° < ° v O
AUANEUDN 30% YDIWIUIUNTIULINYUNINUA

Chess Regularity 30%
ETFRP Pattern size MTKPP Pattern size
2 |3 |4 |5 |6 |7 (8|12 |3 |4 |5 |6 |7 |8
100 | 32| 40| 25| 5| 0O O 11| 28| 37| 22| 4
200 |46 | 74| 57| 22 12| 45| 70| 53| 19| 2
500 | 64 |147(172| 98| 22 13| 62|144167| 92| 21
1000| 88 |229|326|253| 95| 14 16| 86(224|320(248| 93| 14
1500| 94 |274|451|424|211| 48 16| 94|1273|450(416|205| 46
2000|101|316|558|574|3441110|13|16|101|312|550(568|339|105|1
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Pauvaaruadians 10% Ve uIunsuwenduianun

Mushroom Regularity 10%

K ETFRP Pattern size MTKPP Pattern size

2 |3 (4 |5 |6 |7 (89|12 (3 |4 |5 |6 |7 (8|9
100 | 38| 42| 18| 3| 0| O| O(0|11]| 33| 37| 17| 3| 0| 0| 0|0
200 | 54 | 78| 53| 15| 1| O| 0|0|16| 54| 74| 48| 13 0] 0f0
500 |101|187|165| 69| 11| O| 0|0|22| 98|173|146| 58| 9| 0| 0|0
1000|131(296 338|203 | 59| 6| 0(0|24|128|287|324|190| 53| 5| 0|0
1500 142|359 472346144 (34| 4|0|24|142|356 |466(342|143|34| 4|0
2000|162|4241593|486|245|79|17|2|27|162|424|593|485(240(78|17|2
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Mushroom Regularity 20%

K ETFRP Pattern size MTKPP Pattern size

2 (3 |14 |5 |6 [T|8 (9|12 |3 |4 |5 |6 |7 8
100 | 38| 42| 18| 3| Of| O| O|Oo|11| 33| 37| 17| 3| 0] 0| O
200 | 54| 78| 53| 15 0| 0|0|16| 54| 74| 48| 13| 1] 0| O
500 |101|188|166| 69| 11| O| 0|0|22| 96|170|144| 58| 9| 0| O
1000(129(293|331(193| 54| 5| 0(0|24|128(288|322|186| 52| 5| 0
1500|143 (361|483 (363|154 |36| 4(0|25|141(354]|471(347|139|30| 3
2000|155|407|587|506|271|91|19|2|27|155|407|587|506|271|91|17
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Mushroom Regularity 30%
ETFRP Pattern size MTKPP Pattern size
« 2 |3 |4 |5 |6 |7 /81|9|11 |2 (3 |4 |5 |6 |7 |8
100 | 35| 41| 20| 4 0| 0{0|11| 33| 39| 19| 4| 0] 0|0
200 | 54| 76| 53| 18| 2| 0| 0|0|15| 49| 70| 50| 17| 2| 0|0
500 | 93|169(152| 70| 15| 1| 0|0|21| 91|164|146| 66| 14| 1|0
1000|126(292|3401209| 66| 8| 0[0(24|125|286|324|189| 55| 6|0
150011421363 (492|371 |155|34| 3(0|25|141|358|479|350|139|28|2
2000|152|410|602|513|261|82|15(1]25|1521410|602|5131261|74|9
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Connect Regularity 2%

ETFRP Pattern size MTKPP Pattern size

2 |3 |4 |5 (6 |7 |8(|1(2 (3 |4 |5 |6 |7 |8
100 | 32| 45| 20 44 0| O 10| 32| 37| 18, 3| 0| O
200 | 43| 79| 66| 15 10| 43| 75| 58| 15| O
500 | 52 |125|168|120| 36| O 11| 52(125|168|114| 30| O
1000| 77 [193]291|266|138| 34 15| 76]191(289|265|136| 31
1500| 92 (261(412|399|243| 85|13|16| 92|257(407|396|240| 84|13
2000|105|316|536|548|345|128(22|17|105|315(533|541|340|128|22
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Connect Regularity 5%
ETFRP Pattern size MTKPP Pattern size
2 |3 |4 |5 |6 (7 |8|1/2 |3 |4 |5 |6 |7 |8
100 | 32| 45| 20| 4| O O] 0|10| 32| 37| 18| 3 0
200 | 43| 79| 66| 15| 0| O 0|10| 43| 75| 58| 15| 0| 0| O
0 0
1 0

K

500 | 52 |125(168|120| 36 11| 521125|168|114| 30| O
1000| 77 |193|291|266|138| 34 15| 76|191/289|265|136| 31
1500 92 |261412|399|243| 85(13|16| 92|257|407|396(240| 84|13
2000(105|316|536|548|345|128(22|17|105|315|533|541|340|128|22
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Connect Regularity 10%
ETFRP Pattern size MTKPP Pattern size
2 3 |4 |5 (6 |7 |8|1 (2 |3 |4 |5 |6 |7 |8
100 | 32| 45| 20| 4| O O] 0(10| 32| 37| 18] 3| 0| O
200 | 43| 79| 66| 15| 0| 0| 0|10| 43| 75| 58| 15| O
0
1

K

500 | 52 |125(168|120| 36| O 11} 52|125|168|114| 30| O
1000| 77 |193]291|266(138| 34 15| 76(191]289|265|136| 31|
1500| 92 (261|412|399|243| 85(13|16| 92|257|407|3%96|240| 84|13
2000/105|316|536|548|345(128(22|17|105|315|533|541|340|128|22
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Retail Regularity 2%

ETFRP Pattern size|MTKPP Pattern size

2 3 4 1 2 3 4
100 | 71 25 4/ 38 |40 | 19 | 3
200 | 139 54 7N 77 [ 91|28 | 4
500 | 209 87 111160209 | 87 | 11
1000 209 87 111160209 | 87 | 11
1500 209 87 111160209 | 87 | 11
2000 209 87 111160209 | 87 | 11

715797 4-11 FruugluuuunnguesgainduiunsnuasUsingegvaiianemuvuinim
sULuUveI8aNnes s ETFRP uas MTKPP lngldufiutaya Retail imndinuua
° < ° v O
ALENEANDN 5% VBITIUIUNTUUMLNTUNIVLA

Retail Regularity 5%

ETFRP Pattern size|MTKPP Pattern size
2 3 14|51 2 3 14
100 71 25 |1 4| -143| 38 | 17 | 2
200 | 145 | 51 | 4 |- (89|79 | 28 | 4
500 | 351 | 133 |16| - (208|211 | 74 | 8
1000| 677 | 286 |38 385|431 | 167 | 21
1500| 1026 | 426 | 62 585|623 | 264 | 34
2000| 1328 | 577 | 95 740| 866 | 358 | 51
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Retail Regularity 10%

K ETFRP Pattern size|MTKPP Pattern size

2 3 14|51 2|3 |4]|5
100 | 71 | 25 |4 |0 |42, 38 |17 |2 |0
200 | 146 | 50 | 4 |0 |89 78 |29 |4 |0
500 | 361 | 128|13| 0 (207|214 75 | 8 |0
1000| 681 | 287 |34 | 1393|428 (160|21|0
1500|1038 | 417 | 55| 3 {605} 6151261 {30|0
2000| 1386 | 546 | 76 | 3 |772| 835|345 |46 |3
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T1014D100K Regularity 2%

ETFRP Pattern size MTKPP Pattern size
2 3 (4 |5 |6 1 12 |3 |4 |5
100 | 73 | 22| 5 0{0(100 0
200 | 143 | 42| 13| 2| 0]0(200| O 0
500 | 342 |110| 43| 9| 0|0(445| 47| 9| O O

1 3

1 1

K

1000| 613 |293| 87|11 560|294 106 37
1500| 835 |411]186|60|1 605|571|252| 61|1
200011108|570(250|67|12|1|630|755|378|178|59
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T1014D100K Regularity 5%

ETFRP Pattern size MTKPP Pattern size
2 3 |4 |56 1 |12 |3 |4 |5
100 | 73 | 22| 5| 0| 0(0j100| O 0
200 | 143 | 42| 13| 2| 0|0j200| O] O 0
500 | 342 |110| 43| 9| 0]0|445| 47| 9| 0| O

1 3

1 1

1000| 617 |289| 82|11 560/294|106| 37
1500 836 |414|187(59|1 606|576|252| 611
2000|1128|5571253|65(12|1|629|760|378|174|56
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T1014D100K Regularity 10%
ETFRP Pattern size MTKPP Pattern size

“ 2 s la [slel7lr |2 [3 |4 |s
100 | 73 | 22| 5|0 100 o| o] o
200 | 143 | 42| 13 200

445| 47

1000| 617 |289| 82|11
1500 836 |414|187|59|1
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500 | 342 |110| 43| 9] O
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Enhancing quality of results on Top-k Frequent-Regular

Pattern Mining

Preecha Sittichaitaweekul and Komate Amphawan*

Abstract

In this paper, we study the problem of frequent-regular pattern mining for extracting
patterns based on their occurrence behavior. This requires two parameters, support and
regularity thresholds, to measure the significant or the important of patterns based on the
frequency and regularity of occurrence, However, it is well-known that setting of support threshold
is typically difficuit. Hence, the top-k frequent-regular pattern mining has been introduced to avoid
these difficulties by allowing users to specify the number of desired patterns (k) instead of support
threshold. Neverthcless, this approach usually returns a large amount of 1-patterns (patterns with only”
one item) in which (7) it may cause redundancy on the set of results and (ir) it may not well identify
relationships between objects or eveuts appearing together. Therefore, in this paper, we introduce an
alternative approach to mine top-k frequent-regular patterns without 1-patterns included in the
results set. This can help to alleviate redundancy of results and to gain longer patterns in which
users can better discover relationship or knowledge from the discovered patterns. To mine such
patterns, we propose an efficient single-pass algorithm, called ETFRP, applying best-first search
strategy to quickly discover the results and employing a linked-list structure to maintain patterns
during mining process. Experimental studies show that ETFRP can effectively and efficiently
discover patterns that meet the users’ interest.

Keywards : Data mining, Frequent-regular pattern, Top-k frequent-regular pattern, Quality of
results

Computational Innovation Laboratory, Faculty of Informatics, Burapha University, Thalland.
* Corresponding author, E<mail: Komate@buuac.th
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Enhancing quality of results on Top-k Frequent-Regular

Pattern Mining

Preecha Sittichaitaweekul and Komate Amphawan*

Abstract

In this paper, we study the problem of frequent-regular pattern mining for extracting patterns based on their
aeccurrence hehavier. This requires twa parameters, support and regularity thresholds, to measure the significant or the
jmportant of patterns hased on the frequency and regularity of occurrence, However, it iz well-knonn that setting of
support threshold is ¢ypically difficalt. Hence, the top-f fequent-regular paftern mining has besn ingeduced to mroid thase
difficulties by allowing wsers to specify the mimber of dasired pattarns () instead of support tfreshold Nevertheless, this
approach uswally retums 2 large amouanr of 1-pattern (patemn with oaly one item) in which () it may cause redimdancy oan the
set of yesalts and () it may no? welt idensify relationships betwesn objects or evenss zppesring togesher. Therefore, in this
paper, we introduce an alternative approach to mine top-k frequent-regular patterns without 1-patterns included in the
results set. This can help to alleviate redundancy of results and to gain longer patterns in which users can better
discover relationship or Jnowledge from the discovered patterns. To mine such patterns, we propese an efficient
single-pass algorithm, called ETFRP, applying best-first search strategy ta quickly discover the results and empleying a
linked-list structure to maintain patterns during mining process. Experimental studies show that ETFRP can effectively

and efficiently discover patterns that meet the users’ interest

Keywaords : Data meining, Frequent-regular pattern, Top-x frequent-regular pattern, Quality of resnlts
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Enhancing quality of results on Top-k Frequent-Regular

Pattern Mining

Preecha Sittichaitaweekul and Komate Amphawan*

Abstract

In this paper, we study the problem of frequent-regular pattern mining for extracting patterns based on their
occurrence behavior. This requires two parameters, support and regularity thresholds, to measure the significant or the
important of patterns based on the frequency and regularity of occurrence. However, it is well-known that setting of
support threshold is typically difficult. Hence, the top-£ frequent-regular pattern mining has been introduced to avoid these
difficulties by allowing users to specify the number of desired patterns (k) instead of support threshold. Nevertheless, this
approach usually returns a large amount of 1-patterns (patterns with only one item) in which (i) it may cause redundancy on the
set of results and (/) it may not well identify relationships between objects or events appearing together. Therefore, in this
paper, we introduce an alternative approach to mine top-k frequent-regular patterns without 1-patterns included in the
results set. This can help to alleviate redundancy of results and to gain longer patterns in which users can better
discover relationship or knowledge from the discovered patterns. To mine such patterns, we propose an efficient
single-pass algorithm, called ETFRP, applying best-first search strategy to quickly discover the results and employing a
linked-list structure to maintain patterns during mining process. Experimental studies show that ETFRP can effectively

and efficiently discover patterns that meet the users’ interest.

Keywords : Data mining, Frequent-regular pattern, Top-k frequent-regular pattern, Quality of results

Computational Innovation Laboratory, Faculty of Informatics, Burapha University, Thailand.

* Corresponding author, E-mail: komate@buu.ac.th
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1. Introduction

Frequent pattern mining is an important data-mining
' task that has been extensively studied [1-3]. It has a broad
range of applications including analysis of customer
purchase patterns, web-access, DNA sequences, etc.
However, as pointed out in [4] that the use only support
threshold to measure the interestingness or significant of
patterns may not be sufficient. Then, Tanbeer et al
proposed the problem of mining frequent-regular patterns
based on their occurrence behavior (i.e. whether a pattern
occurs regularly, irregularly, or mostly in a specific time
interval). This approach requires two parameters, support
and regularity thresholds, to measure the significant of
patterns which can be an important criteria in various
applications (e.g. retail marketing, stock marketing, elderly

daily habits’ monitoring, etc.)

| However, it is well-known that setting of support
threshold is typically difficult and it is more reasonable to
ask for the number of patterns to be mined. Then, there
are several approaches that try to alleviate these
difficulties such as mining top-k frequent patterns [5-7],
mining N-most interesting frequent patterns [8-9], etc.
Under this framework, there is an approach that mines
patterns under support and regularity values that is top-k
frequent-regular frequent patterns mining [10-13] which
allows users to assign the number of desired patterns.
Nevertheless, this approach is often return 1-patterns (ie.
patterns contain only one item) in which (i) it may causes
redundancy on the set of results and (i) it may not well
identify relationships between objects or events appearing
together, Thus, in this paper, we introduce an alternative
approach to mine top-k frequent-regular patterns without 1-
patterns included in the set of results. This can help users to
gain the longer patterns in which they can better discover
relation on objects. To mine such patterns, we propose an

efficient single-pass algorithm, called ETFRP, which applies

1st International Conference on Engineering Science and Innovative

Col
Technology (ESIT 2014), Krabi, Thailand, April 8 - 10 2014

20

best-first search strategy to quickly discover the results and
employs a linked-list structure to maintain patterns during
mining process. The performance of the proposed technique is
investigated via simulation experiments. From the results, we
can notice that our proposed approach can effectively and
efficiently discover patterns that meet the users' interest.

The rest of this paper is organized as follows. Section 2
gives the notations and definitions of the top-k frequent-
regular pattern mining. Section 3 presents the ETFRP
algorithm to quickly discover a set of desired patterns.
Several experimental studies are conducted and
investigated in section 4. We conclude our paper in section

5. Finally, the important references are shown in section 6.

2. Problem statements

Let I = {is, iz, .., im} be the set of literals (also called
items). A set X c I is called a pattern (itemset), or a I-
pattern when X contains ! items. A transactional database
TDB = {t3, t3, ..., ta} is a set of n transactions in which each
transaction & = (q, Y) is a 2-tuple containing: (i) a unique
transaction identifier(tid) equal to q and (ii) a set of items
Y. For t;, if X C Y, it can be said that X occurs in t; or ¢,
contains X which can be denoted as t*,. Then, a set of all
ordered tids in which X occurs, T¥ = {t¥,, t*X,.1, .., t¥5} also
called tidset, can be defined. To investigate the
occurrence’s frequency of X, we compute the support value
of X by s¥ = |T¥| (i.e. the number of tids/transactions that
contain X).

To observe the regularity of occurrence of X, any two
consecutive tids in T, tX, and tX,.;, are considered. The
regularity between the two consecutive tids (ie. the
number of tids not containing X between ¥, and t¥,.1) is
calculated as rttXp.; = t¥1 - t%. In addition, the first
regularity—the number of tids not containing X before its
first appearance, fr¥ = t¥;, and the last regularity—the
number of tids not containing X from the last occurrence of

X to the end of database, IrX = |TDB| - t47%, are also
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calculated. Based on the regularity values mentioned

above, we can define the total regularity of X as r¥ = max

MY (X retX, rttXs .., rttXX, IrX), which is the maximum
. ITh

number of tids that X disappears from database.

With the regularity value, we can guarantee that X
appears at least once in every set of r*¥ consecutive
transactions. Thus, frequent-regular pattern mining is to
discover patterns that frequently and regularly appear in a
database. However, frequent-regular patterns mining still
suffer from setting of appropriate thresholds. Hence, the
top-k frequent-regular pattern mining [10] was ‘proposed
to avoid the difficulties of setting an appropriate support

threshold in which it can be defined as follow:

Definition A pattern X is a top-k frequent-regular pattern
if (i) its regularity is no greater than regularity threshold
oy, and (i) there is no more that k - 1 patterns that have

support greater than that of X.

To mine a complete set of top-k frequent-regular
patterns, it requires two parameters: (i) the number of
desired results k, and (ii) regularity threshold o;. However,
this may generate redundant patterns. Thus, in this paper,
we aim to alleviate redundancy of patterns to be mined by
eliminated 1-patterns from the set of results. Then, the
results must have three properties as follows: (i) regularly
appear in database (ii) have highest support and (iii)

containing more than one item, respectively.

3. ETFRP algorithm

We here introduce an efficient single-pass algorithm
namely ETFRP to quickly discover the k patterns with three
properties as mentioned above. ETFRP employs a buffer and
a top-k list structure to maintain all patterns during mining
process and its mining process can be separated into two
main steps: (iJ ETFRP-intialization—scan the given
transactional database to collect and maintain the regularity,

support and occurrence information of all items in the buffer,

B
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and (i/) ETFRP-mining—mine the complete set of top-k
frequent-regular patterns (without 1-patterns in the results
set) using best-first search strategy and applying top-k list to
maintain all the desired patterns.

A top-k list is a simple linked-list in where each entry
consists of four tuples: (i) set of items containing more than
one item (i) regularity value (iif) support value, and (iv) tidset,

the set of tids in which the itemset occurs.

3.1 ETFRP-initailization

To capture the content of single items, a buffer for all
items is created and then initialized. After that, each
transaction of TDB is sequentially scanned and then each
items in the transaction is regarded. Next, the regularity,
support and tidset of the regarded item are updated in the
buffer. After scanning all transactions, the exact regularity of
all items are calculated. Then, items with regularity greater
than the regularity threshold are eliminated from the buffer
and all the items are sorted by descending order of support.
At the end, we gain a list of sorted items with regular
appearance that can be utilized to mine patterns in the next

step. Details of ETFRP-initialization are shown in Algorithm 1.

Algorithm 1: ETFRP-initailization

Input: A transactional database 7DB, a number desired
pattern k, and a regularity threshold o>

Output: Alist of sorted items with regular appearance

(1) create and initialize a buffer for all items

(2) for each transaction t, in TDB

(3) for each item i, in transaction tg

€))] update the value of support, regularity and collect ¢, in
the tidset of i’s entry

(5) for each item i, in the buffer

(6) compute Ir, and r,

(7) ifr,<o

(8) remove i, out of the buffer

(9) sortall items in the buffer by support descending order
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3.2 ETFRP-mining

As shown the details in Algorithm 2, ETFRP-mining
starts to create a set of 2-pattern with regular occurrence
and have highest support. To do that, the best-first search
strategy is applied where it considers a pair of items in the
buffer from the most frequent to the least one (the most
frequent items tend to generate the most frequent
itemsets). Then, the tidset of the two considered items are
sequentially intersected in order to calculate support,
regularity and the collect the set of tids that the two items
appearing together. In the case that the regularity value of
the new generated 2-pattern is no greater than regularity
threshold and its support is no less than the support of the
kth pattern in the sorted top-k list, the entry of the kt is
eliminated from the top-k list, since it cannot be the results
(based on downward closure property[1]]). Then, an entry
of the new generated 2-pattern is created (with its
information: (i) itemset, (ii) regularity, (iii) support, and
(iv) tidset) and inserted into the top-k list by support
descending order. After consider all pairs of items in the
buffer, we gain a set of sorted 2-patterns contained in the

top-k list.

Next, a complete set of top-k frequent-regular pattern
without 1-patterns is generated. With the using of best-
first search strategy, a pair of patterns in the top-k list with
highest support is firstly considered. Then, the two
patterns are merged together to generate longer pattern if
(i) they have the same number of items, and (ii) they have
same the same prefix, i.e. they have the same items except
only the last item. When the two patterns meet the two
conditions above, their tidsets are sequentially intersected
and collected. Consequently, the regularity and support of
the new generated pattern are calculated. If the regularity
of the new pattern is no greater than regularity threshold
and the its support is no less than that of the k pattern,

the entry of the k* is eliminated out of the top-k list and

Cur
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the entry of the new generated pattern is created (with its
information) and then inserted into the top-k list by
support descending order. Finally, we gain the set of

sorted k patterns with three properties.

Algorithm 2: ETFRP-mining
Input: A buffer containing all single items with regular
appearance, the number of desired patterns k, and
the regularity threshold o
Output: A top-k list containing the sorted k regular patterns
with highest support and contains more than one
items.
(1) for each item x in the buffer
(2) for each item y in the buffer
(3)  sequentially intersect T and T¥ and then collect the
result in T»
(4) calculate sv and rv
(5) ifrv< grand s9 > sy
(6) remove the entry of the kth pattern out of the top-k
list
N create an entry for pattern xy with its support,
regularity and tidset and then insert into the top-k
list by support descending order
(8) for each entry of pattern P in the top-k list
(9) for each entry of pattern Q in the top-k list
(10) if|P| =|Q| and p1 = q1, pz = qz, -, Pip11 = Qo1
(10 sequentially intersect 77 and T¢ and then collect the
result in 77
(11)  calculate s"@and r?
(12)  ifr"?< grand sP> s,
(13) create an entry for pattern PQ with its support,
regularity and tidset and then insert into the top-k
list by support descending order

4. Performance study

In this section, we here report experimental studies

done to investigate the performance of the proposed
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ETFRP. From the best of our knowledge, there is no

approach that aims to improve the quality of results on

o top-k frequent-regular pattern mining. Then, there is no

comparative study in this paper. However, we can use
ETFRP as the base line on this approach.

Due to limitation of space, we used two well-known
datasets downloaded from http:/fimiua.ac.be/data/ to
investigate the performance of ETFRP, that is T10I4D100K

(with 100,000 transactions, 1,000 items and average

length of transaction equal to 10), and retail (collected

> from real super market with 88,163 transactions, 16,470

items and average length of transaction equal to 10.3)
Three types of experiments that aim to investigate
computational time and memory consumption and then to
observe length of discovered results were conducted,
respectively.

As shown in table 1 and 2, the runtime of ETFRP with
three specific regularity thresholds (ie. o; = 2%, 5%, and
10%). From these figures, we can observe that runtime
increases as the value of k and/or o; increases. With the
increasing of k, ETFRP has to mine more results, then
runtime increases as well. Meanwhile, in the case that o
increases, it causes the increasing of the number of
patterns that have regularity value less than o Then,
ETFRP has to consider a larger group of patterns since it
cannot prune patterns by using only the threshold o;.

Table 1. Runtime of ETFRP on T1014D100K

T10I14D100K
Amount Time(s)

K ap=2% ap=5% ap=10%
100 3.894 4.675 5.885
200 4.317 5.085 6.371
500 5.152 6.329 7.764

1000 5.897 6.975 8.338

1500 6.218 7.164 8.700

2000 6.290 7.528 9.056

The investigation of memory consumption is shown in

table 3. Within the table, we can observe, it increases as

e the value of the value of k increases since we have to store

and maintain more patterns in memory. In addition,
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memory usage also increases as the ¢; increases. This is due
to the fact that there will be a group of patterns with high
support and high regularity values included in the set of
results. Then, ETFRP needs more memory to maintain

itemset’s information (i.e. tidsets) of the group of patterns.

Table 2. Runtime on ETFRP on Retail

Retail
Amount Time(s)

k ap=2% | ap=5% | ap=10%
100 0.445 0.541 0.608
200 0.640 0.928 1.012
500 0.679 2.606 2.827

1000 0.678 5.107 6.273

1500 0.682 7.698 9.269

2000 0.676 0.421 0.490

Table 3. Memory consumption of ETFRP

Memory usage (MB)
Regularity(Retail) | Regularity(T1014D100K)
2% | 5% | 10% 2% 5% 10%

100 | 1.73 | 2.60 | 3.17 4.06 4.16 4.18
200 | 194 | 2.83 | 340 4.32 4.43 4.44
500 | 2.08 | 3.27 | 3.86 4.98 5.08 5.09
1000 | 2.08 | 3.73 | 4.34 5.86 5.95 597
1500 | 2.08 | 4.07 | 4.70 6.65 6.76 6.77
2000 | 2.08 | 4.31 | 4.99 7.35 7.48 7.50

k

Table 4. Length of results on T10[4D100K

T1014D100K Regularity 5%
ETFRP Pattern size MTKPP Pattern size

2 3 4 6 1 2 3 4 |5
100 73 | 22| 5 100 0 0 010
200 | 143 | 42 | 13 - 1-1200] 0 0 010
0

3

RN

N U

500 [ 342 [110] 43 | 9| - | -|445[47 | 9 0
1000| 617 | 289 82 |11
1500 ) 836 | 414|187 |59(11|1|606]|576|252| 61 |1
2000 1128|557 253 [65]12]|1[629[760|378|174|5

1]-1560[294]|106| 37

W |o|jojo|o|oy

S

Table 5. Length of results on Retail

Retail Regularity 5%

K ETFRP Pattern size | MTKPP Pattern size

2 3|4 5 1 2 3 14]|5
100 71 [25] 4 - 43| 38| 17| 2|0
200 145(51 | 4 - 89| 79| 28[ 4|0
500 | 351 |133|16| - 208(211| 74| 8| 0
1000| 677 |286|38| 3 385[431[167|21{ 0
1500|1026(426|62| 3 585|623(264(34| 2
2000(1328(577|95| 3 740[866(358|51{ 3

Lastly, size of patterns in the set of results is
considered. As illustrated in table 4 and 5, we can see that
top-k frequent-regular patterns mining algorithm, MTKPP,

mostly generates short patterns. In all cases, there is at
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least 30% of 1-itemset included in the set of results.
Meanwhile, our proposed can discover longer patterns in
¢ which can help user to gain more knowledge and

information.

5. Conclusion

In this paper, we study the problem of top-k frequent-
regular pattern mining and then try to eliminate the set of
1-patterns out of the results set. This may help to alleviate
redundancy of patterns and yield longer patterns in which
users can better discover relationship and can gain more
knowledge. To mine such patterns, an efficient single-pass
with best-first search strategy, called ETFRP, is also
introduced. The experimental results demonstrate that the
proposed ETFRP can provide time and memory efficiency
during mining process. Moreover, it is highly scalable in

terms of runtime and memory usage.
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