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Abstract

High utility itemsets mining (HUIM) is an interesting topic in data mining which can be
applied in a wide range of applications, for example on retail marketing to find sets of sold
products that give high profit, low cost, etc. However, HUIM only considers utility values of
items/itemsets which may be insufficient to observe buying behavior of customers. To address
this issue, we here introduce an approach on pushing regularity constraint on high utility
itemsets mining to observe occurrence behavior of high utility itemsets. Based on this approach,
sets of co-occurrence items with (/) high utility values and (i) regular occurrence, called high
utility-regular itemsets (HURIs), are regarded as interesting. To mine HURIs, an efficient single-
pass algorithm, called HURI-UL, is proposed. HURI-UL applies the concept of remaining and
overestimated utilities of itemsets to early prune search space and also utilizes utility list
structure to efficiently maintain utility values and occurrence information of itemsets.
Experimental results on real datasets show that our proposed approach is efficient to discover

high utility itemsets with regular occurrence.
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thaule eldihmaausnuimiudslunisiumsuuuuiivsnguesuazusngesasinase ieflazls
mwﬁqwqﬁﬂiimmiLﬁmﬁ'ﬁmaqgﬂLLuuma'wﬁu ImLLu’ammﬁmfmmmﬁﬂﬂﬂisqﬂGﬂﬁlé‘lmﬂwaw*’]
fru o1fvu Finnisvdeduinsvesgsfaduinenaaraulasienisiudniignievos quazgnioois
aaj’ﬂLauamﬂﬂdﬁwmiﬁuﬁwﬁgﬂ%@ﬂaa61Lﬁaaasmlﬁm efinginisdamendudlineinungiu
Ardesntsvesuilng wardaunsataslunisdnihluslududmivaudiignieves sufududniign
golioslddnie ludiuvasnisimuiniseenuuuiuvleiuionsguasnuiiuled fauaiuledenaas
aulamnuaiiavevesnsndniieiongteyaluiumaiiveidestufioiluysuusedonumiaion
vouuledlifienuauladetu luduwesnmsinnesitoyameiusnssy nquvesBudiusinguesuay
avianeenvvavendsteyafiddnyliumininemansld Tudunainiu nduvesuiiideiifinmaduiu

pgaianee1vvzlasuanuaulanninamuengg uag due

Tumsmgunuuiivsnguesuazusingegrsasiase {lazdonihnmsimundmniines 2 a1
shefufe 1) mdaudsaiuayu uag 2) mdautsnruaiiane Weltinanuiaulavieanuddnves
susuumeldngAnssunsifinduvesguuumatu uiesndlsid Wufinsuiuidn “dusldldinnug
Tudeyamneu nsfmunAdausaivayuitefazldsusuuuuihalauasdmnudfgunianazdy
eafigaenuazaruin” Tnefidusimundautsatvayugaiuly enaviliisldnadwsidudiuiy
Fosndoervaglildnadnsias lunsdd indndudosaamadauusiiaiosaudainisdum

[

naansinddnasdennaglisunselilasunadnsinvuiduls wilunsdiirndauusgnivunliden



o8 awﬁﬂﬁmlé’maé’wéaanm%ﬂuaﬁ’wmumnLﬁuﬂfjﬂﬁLiwz‘v‘hﬂﬂiﬁﬁ]ﬁimﬂaqﬁﬂaﬂmﬁlﬁ LAZNITAUNI

NAANSALITLIANABUTIIUINDNAIE

Pindymdnsduiingn FaflvAdefivinsiamundesenainaures Tanbeer lneilinguseasd
flagndnideenisimunadaudsatuayy Taennsimualildinsivuadiuiunadng (guuuv) 7
i;]jaﬂﬂ’]il,wluﬁ’mﬂ’]iﬁ’]LLU’Jﬁﬂ‘U@ﬂﬂ’]iﬁU%’lzﬂLLUUﬁﬂi’]ﬂ{]ﬁﬁuﬁ@quﬂﬁJuﬁULLiﬂuWUizEmﬁﬂ% (Fu,
2000)(Wang, 2005)(Yang, 2008)(Li, 2009)(Ke, 2009) Fournier-Viger, 2013) tfugu Tnglusuisaiuls
Lﬁu@ﬁm%’m’]iﬁu%ﬁzﬂLLUUﬁﬂiﬁﬂg‘ﬁuﬂ@SLLazﬁﬁ’]LﬁNaLﬂﬁjuﬁULLiﬂ (Mining top-k frequent-regular
pattern) (Amphawan, 2009) Lﬁ@ﬁ’]ﬂﬁ%ﬂgﬂLLUUﬁ’j\‘iéJumgﬂLLUU ﬁﬁ@ﬂiﬂﬂgiugmfﬁaaﬂaashaaﬁuama

val v Y

wazUsnguesign nelalaymiil gideinisaumliuuagdesinsmnuad1nsiines 2 Araeiu

e

° v Ay

Ao 1) A1TALUIANALLEND (O) kay 2) IuIURaaNEAReINTS (k) Inglunisdunmsuiuuisnaile

Ya o

og1939157 {338 ldlaue 3 sanesNunTUsEAnEaw ldun MTKPP (Amphawan, 2009), TR-
CT(Amphawan, 2011) uwag TKRIMPE(Amphawan, 2012) A &6y uaﬂmﬁamn%ﬁmﬁmmmdqmﬂ
Tunsimunasdaudsatuayy msfussuuuivsinguesuazsingegainauslagnimuiogng
ﬁfaLﬁ'aﬂwmaqLLdgm D19 U miﬁumgﬂquﬁﬂmﬂgﬁaaLLazaﬁﬂLamamﬂgmﬁayjaﬁﬁmﬂﬁ'mﬁm
ﬂJ”’e)ﬁ,gUa (Mining frequent-regular patterns on incremental transactional databases)(Tanbeer, 2010)
LLazmﬂjmﬁﬂjayjaﬁﬂmwummya%a (Mining frequent-regular patterns on data stream)(Tanbeer,
2010) M3vgULuuTiAndusgsainanafivsznoudeguiuuiivsnguasuazusinglives (Mining
frequent-regular patterns consisting of both frequent and rare items)(Surana, 2012), N15A UM
j;dLLUUﬁ‘Uiﬂﬂgu'ammzaﬁmamﬁ’wmaﬁmmﬁ'aulmﬁmﬁ’uﬁmﬂ’uauu (Mining periodic-frequent

patterns with maximum items' support constraints)(Kiran, 2010), kg 5"141‘]

¥

ludruvasnsAumuuuuniiaanuUseleiaasisuain H. Yao uagy1inue (Yao, 2004) I

[

dnawedymuazenunsaunsuuuunianulsyleviaangazyinsinanuiaulavseanudiy

o

vosgUuvuInAuivslenivesguuuutug Tnsaruiisslevienaieadeatu warils vonvs uie
dunu 1usu Tnegunuuiifidaausslevigaziiunumddglunisdndulasslunsdiiugsia o1
WU nsinseld n1saaaildinediunisnatnuarn1sdanisadadud uardug uenwmideainnis
Uspgnildluwamegsfia madumsuuuuludnsasddamsailulssgndldtuaulunaisgdu o1
WU N153ATIEINaRUENTIU(Biological gene analysis) N1sidndiaiunuuiidinu(Web-click sequence
analysis) MansIadpUNsTuastasirivy n1inlseAnsnineein1sasas msnmvdeuntsdildan
@53 msleneideyafildaniduimedidnisa uay madsziteyanisliinsdwsimislng Wudu

Tnelunauisudy (Yao, 2004)Yao, 2006)Liu, 2005) lawe1a1uiiasAndudunouisnasinn1saum
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sunuunfiAnuUsglenigelaegnaliuss@vian lneneeuiiszAnAudunewitnizanneudsuadoya

U 9

N3991UIUSURUUNABIYIATHANTUN (itemset lattice 58 search space of itemsets) waagnalsAnu

Y
[ '

funouifndutugsashmssiudoyanngiudoyaeguansads Awilildnaluntsduindeudann
foun (Tseng, 2010) ldvin1sAnAulasead19duldifidodn UP-tree (Utility Pattern Tree) wialdlunis
Ioudeyaguuvuiiinuusslovigeszninmsduin nefinslilasaeiulifinagnazamisaan
Sruundilunseugudeyamieifios 3 afuvindu utegdlsiflud 2012 (Liu, 2012) Ifauslassats
Yoyailiidadn Utility-lst fidadudsddantdlunisdafvsuuuudamnudselovigiduszninamsduna

Feannsuszenald utility-list agvilianunsaanniseuguteyavaiomiies 2 ATty

nAlanauanuanIsAumsUkuUdauUssleviaidinslasuauanlaaininidedu
FIUIUUINNFINY IR R WITURBUITEMTUToandn 19U o ans1uusnTU (Incremental

transactional database) way §1utoyawuUansy (Data stream) 1Uusiu
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UNN 3

ASAUUNISIY

nnaNTIeFY n1sAumgULUUYSINgUesuazUsIngasiianevzluaiuisauiuends
anuddyvisenuUszlevivesguuuule uddmiumsrumsuuuiifidnuuszlevigeazliaansays
venfwmgAnssunsUsngiuvessuuuuld femeil Tuundasiauonisdumsuiuuiifsiauuslo
qqLLasﬂiWﬂQaﬁ’]Lamamﬂg’mﬁﬂj’aﬂgaiwmi (mining high-utility regular itemsets from transactional
database) f1d99zyin1sAasananuUszlovndeutungAnssunisusngresgiuuuaigldag
asiiave Tasgunuuludnuagdoranmnsavsendmninssuduilnafifendestunistedudniiliua
flsgalneAudnimaniugndesssatiuane 1nesdauiiingn axvilimsuisanudomnisiudves
fuilan wazdidmtedudeyatszneunsdndulafisartunisuimsdnnisadedud nsdailusludy

LNOALATUNITUIY LaZDU

3.1 dgranfgavasnunisaunigiuuuniianauyselevdgauas

Usingasinieae

Aus s

we 1= {iy, iy, ..., i} 1 uenueasienis (items)

o usiazs1ens i€ [ azflrnauszloviisie i wileq (Fondn external utility) eniiiaiu narils
MnMsAuATUnile é’unmmﬁuﬁﬂﬁﬁwﬁm vide DU Feasunusedydnval eul)

® 10 X = {ip, ipe1, it © L 921580313000 19AT18015 (set of items or an itemset) uaz
22138771 k-itemset %39 k-patterns o wwm X Uizﬂadﬂé’wiwmiﬂgﬁu k 518013

® TDB = {t;, ty, ..., t,} AD FIUTOYATIENITNTOFIUTOYAULUUNIIUUBATY (transactional

database) AausaznswLINTY t, € TDB AgUsEnaUMenIILIaYAUNTIULENTY

(unique transaction identifier, tid) tid = p k8% LWAVDITIBNIT Y ﬁgﬂUiiﬁl@QﬂU%i’mLL%ﬂ

Furdug Taefiuday € Y aedidmautuves i ivsnglunsmusndutug (Sendy internal

utility) anunsaunulasag iud, t,)
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e M XCYwest, wavawsaagulidnensienis X Usingiulunsuusndu t, v3e t, 3
o oAt =~ v o ¢ I X o & 4 o
X aglunsruigndu NBusraursadeudydnvalunuladn t, duludeiinisnsiraey

' 4 o 1 v =~ X X X
sUkuy X 1Unngiulunsuuendulatndlugiudeya TDB 1519 WA T = {t p, t oy,

=]

X = A ) . PN a o o at )
o U o} TefiAe lwnvaInunB@INTIMLENTY (tid) NgniSesddundd X sglunsiuusnduy

(@ansadlaugelailu tidset)
o 2.; é{ ¥ o Y Q) X X

e Junuastlumsusngiuvessluuy X Tugrudeya lnganunsadualadu s = [T

o Anaszlerivessionis i IUsinglumsuusndu t, azdunanusening Suintuves i
Usinglunsiuwendu t, fuAnuusslevise i aunsafuintasunumedyansal ud;, t,)
= |U(|J, tp) X eU(U)
! L3 d’ Y ) ! L3

o manuUsslevivanensen1s X AUsnglunsuuesndu t, asidunasiunvesrinuussloy
Y839N518N 150 uaNTnvesEaIIENIs X MUTInglunsuuendu t, aunsafiuinuas
wiumedganual u(X, t,) = Zijexlu(lj, ty)xeu(i;)

o rnmuuszlevirangnsionis X nusinglugiuteyasients 708 asidunasiuvesan
AUsElevdreuens1en1s X AUsinglunnnsuuenduvesgiudeyasnenis TD8 @1u1sa

Auazumedydneal u(X) = Yijexxct, u(X, tp)

Mnileuwazdgdnvalnuadiadiu Jymnisfumvwuuifiainuuselesigeasidunisdum

sUkuy X laq Afieaadselevd u(X) winnimsewinduadauuiaauselesd o, ARlgnmun ue

¥ L =

aglsfinny nsAumgUuuunuidauaudftniulriiguassansaildaunsalssendld downward

closure property lun1sanneudigianiuy wWesanguuuunmduglivesionvosguuuunden

[
a

AaUstleviieaiiiamulsslonigs Balummnliamnsadaguuuidanuusylevimeanainnis

Y

£%
= =

finrganls fewnil Liu (Liu, 2005) Jeldlausuudniieatu “transaction-weighted utility (twu)” 7139

sziduaUszuiavasrinuUssleydniniaunsaussendldaunsauszgnedld downward closure

(%
Yo

property lun1saaneuusgianiugl lng twu aganunsallenulansl

o apuUszlerivamauwendu t, andunasiuvesrnulstlevivengsenisiusnglu
NIULTNYU t, @INITOAIUIULAZLNUNIYFY AN tu(tp) = Zije t u(lj, tp)

® 1 twu vean1eNs X lugiudeyasienis TDB axluAlszanaunulsslorives X Mifia
nuaTInvesAAnUsElevivemnnsuuendulugiudeyasients 708 Al X Using

anansaAnnauazunumedyanual twu(X) = Yxepxc t, tu(tp)



13

nT1AsIfy twu veegunuunideq azvinliisnaiunsadsegneld downward
closure property Tunisaanauuigianiugla Anodle wasenis X Tag 3A1 twu) feanin
Adautsnauszleviudn agvilmnquanonsiiuguiedionves X axdieauusslovives
nhedauisnuusslovidoduiu Tadumeld inamsadanisfisnsuiensionts X wag
wasrensiidugiesionves X oenainnnsiiarsunls 1iedan lwnsienns X uaz vnqun

a0

sensiiuglivesivnves X wsiiinulsslenivesy

w171 twu vesguiuvagddiudielunisaaveutigianiusld useagnalsinig twu veq

sUnvuniaasduussanunulsslevingdaganiaulsslevissareudauin mewmniiay

Juwmelii Liu (Liu, 2012) AnduwuinnudnanesiuaiUssaianudsslevindanunsedu @en

£
Yo A

WU9SIUENINAT twu) NRsanunsadenulasdl

®  MUUALY > LAAIDIAIAUVDITIUNTHLRTIBNST |

o apnUsylevidiuiiivieo (remaining utility) veawns1enis X lunsiuwendu t, vuneds
HaTITDIAIAMUTElevvRINTIEN1STIUTINg lunsuendu t, wars1en1svaidudaiy

wi9n X anansaduaazunumedydnwal ru(X, t,) = Yijetyx<i; Ui ty)

o rpuUszleridmivioveseninenis X lugiudeyasionis T08 sziduanasiuvesn
Anstloviddiniindeveawnsionts X lunnmsiuuendu 7l X Using anmisadiuiauay
unusmedyanwal ru(X) = Yxepxet, U tp)

o Auszannulstlevinuunsziurenensienis X lugtuteya 708 azdudnasiusening
Analszloviadaweannsionis X duaiauystlevdduiindesveasnsionis X u

Futeyasien1s T8 annsaAauazununledyanual ou(X) = u(X) + ru(X)

NkUIANLaToINTIFuTIEINTaveN LA AEnI1en1s X dAUssanunuUselegiiuy

1A

nsgfudesndnA¥aunusnmUseleviudl was1enslaniina1nn1ssINiusEninuensen1s X uag
518115 i) laqidardundsan X ssdianaadselevidesnitAfauwusnudsyleviliane $99ndeasy
AINAILVMLTIAINITAAANDUNITHATUNYATIENNT X hazgUiUasignvad X MAnIInN155Iuiu

FENINNYATIONTT X Uaes1en1s i laqidlandundain X 1o dduthan@anisaaneudinlianiue

lun1snagAnwifangAnssunisusingiuvessdiuuindnginssunisusingiuedeainaus
w3kl 15192ABWIINIININTUNLFVDIMINBLAVNIUMINTUNR X U1nHTU TAeizuaInn1sRaTausas

1 U X X PN o v A % X v o [ o A 1
AUBIRNGLATNITULTNTU twae t, wagﬂua’]mummﬂﬂuvzjm T WaNSUITIUIUNTIURENTUT Laid]
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1 v O PP o (% X. X X 1 o o X
X Usngsegninsdemsmuuenduiiug Adsenunsaduwalaidu ' = £, - 1) uddmsunsunngiuly
ATILINUATATIAATIIEVRY X F8TTTNTAIUIUNLANAIRINNITUTINTUATIDU AT saAuInle
X X - X a v A < & X X X - =
Ju i =t (e t) Ao nunel@ansuuendun X Usingiuasausn) uag Ir =n -t | (e n fe
° 7] 1% X X a o o = ] o =i
PunsuLgnuiIialugudeus way t | As MNeaINTIWLENTUN X UT1n)Iuassgaiing) 3109
vy v ° v da o - o ° 1% X
NA1IU9A LERnsamIwINn ke duniaiuganannlidl X Using Wneaunsadwiaddidu r =
X X X Xy = vee A n:{' A oA = v
max (fr, et y, 1t 5, ..., ) Adsaunsavenlafegiaietuuiaganlid X ysingiulugiudeya
v v Al Y1 g 1 4 4:! gj X U ldl = U U
wazdsaunsansudladnensienis X asusingiuegradesndnsslunng r nauuendunisewany
= a X 0§ v = a = Y o o
F991NNITRTUNAT 1 AzvilinsudagAnssunisusingluves X Id Al wes1enis X lagazdu

lﬂl 6 U lﬂ' 1 1'7 X = 1 ¥ U & 1 2 1 = 1 é
wrs1en1sTiusngadaueisedle Aauadans r dadosnimsewiduadiniuiaruadliiaue
C, Myldimun

[

Mnigwnmuadiiu gUuvundnulselevdauarysingadiateaunsaeulanl

g 1wns18n1s X nilsasduensienisidaauussleviguazysingainaued
1 lﬂ' = L3 [ 1 = é >< 1 a 1
paula X darnudselevd u(X) Wivesnin o, waz X dermnuaiiaus r Lifiuni

o, Mylimun

3.2 YUNDUISNUILEUD

Pndgymnisrumzduuundanuuselevdguazysingainateangiudeyasienisaigleaen

'
a Va

Iauus O, way O, NELTAvun fl3elainauedunouis

AV Y

fifido7n HURUL #9sanunsnannounisey
foyaangrudoya (FBauqdessrudoyanngiuteya 2 ade) Iihniseudeyaifiesnsaden tnevinas
fafuanudstlovivemnrmuuendulusiudeyaliluessddiFonda tu-List uanainiu HURKUL 16
UszendlduuifnaiuseanunausslovdiuunseduresensignistunisaanaunasUssendldlaseasng
Yoya utility list tievinnsdnAudoyanisusingnieniurnuuszlovivessienisuidaiivsing
Tunsuusndunileq annisuszgndldlassairsteyadanann agsiild HURFUL anansadumguuuudidl

AAnUsElevilguasUnngaiianeainguteyasenisiiegadiussdnsam

3.2.1 laseasnedaya Utility list

NTAMUASIRUTBIT 1M ST UL TNV UTATIEMS | = {if, by, ..., i} 15IEL50E50S utility
list vedLEATI8N15 X IMngutoya TOB Inidudadves 3-tuple Ao <p, ulX, t,), ru(X, t,)> dlo 1) p fie
mnglaunsuenfuiifiensienis X Usng 2) ulx, t,) fe mauuszlevivesensienis X lunsiuwen

FU t, waz 3) ru(X, t,) Ae AAMUsElevdduNmae (remaining utility) veawnsienis X lunsiuwendu
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t, Moy Ransansents ‘o’ Aimauuszlovdluaissd ¢ wihdu 3 wazusnglugiudeyalu
m15097 510U T = {t,, 4, ts, £, ta} MIUEAIGTU fdduressemsauniua<b <c<d<e<f< g
< f1519z@uNs0as19 utility lst ¥e9518n15 ‘@’ lawdu {<1, 9, 73>, <3, 6, 64>, <5, 6, 19>, <7, 15,
42>, <8, 9, 41>} InefiaunBndusiunsnues utility list agtsuenlein :18n ‘@’ Usnglunsuusndui
1 91915 ‘a’ fenausslonilunsuiendud 1wty 9 uasfidgausglovidiumdelunsuusndud
1 Wiy 73 auddu uidmsuamndndisudugues utility st Aazdsvenisnisusingiuvessenis

‘2’ NAINNTIULINTUN 1 AIUAINU

M50 4 e sansAInnUsElevveILsiag 18NS

1907 a b C d e f g f
maUsElevd | 3 | 2 | 1 [ 30| 5 | 3| 4 |15

M3 5 fegegudeyasiensiuseneulumeningiamsuisndulazionsen1snusing lunsu
LENTUNTN1SIIUIUVRINITUIINYTUVDIUARESIBNS

wRII8NTNUTINGLunsIusentu

MNBLAITILUINTU (tid) (a set of items or an itemset)

a(3), c(8), d(2), e(1)
b(5), f(3), g(5), h(20)
a(2), c(4), d(1)

c(5), e(1), f(1)

a(2), b(3), c(1), f(4)
d(1), g(5), h(1)

a(5), b(1) c(4)

b(4) c(1) d(3) e(2)
a(3) b(2) d(4) e(1)
a(2) e(7)

O |00 N[O O | AW IN |-

N
o

I
%

3.2.2 YUNBUIS HURI-UL

'
v a

AINNE1IT9AY Yunauds HURFUL liiissusussgnduuinnudnainuusslevidiumas way

AszananUsEleviuuunseduiiainisaaneulsgiianiug uidwinisuszgndldlasaasna utility
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list viieldlunsdaivteyaneaiunisusingiuvessienisiensienisndsg nieuduainausslevy

YBIFNYNT/AWATIENTUUNNUIINYLUNTIULBNTUNTIIY TENTNNITAUNIHAENS WaNAINUW HURI-UL €9

!
<X aa o v v @

nsaaneun1seusIuteyaliivaeiisansuneInenisidesisdniadifd miudanuanuselo vl
YRIMNNTIURINTU (158071 tu-List) Inelun1sminadnsaindunauds HURI-UL agdsenaulisie 2

JUHDUNTATUIUNANAD

1) nsszyfsmgmsnusngadatauazainininasieinauselenias (lesiuiusienisaus) 7
Feagrinisasdadvanefifieldiiusienisuaziwnvessienisndamantidisiu (Sendt i-
List) lngn1sszufissignsisingasianenazaininitazieigauuseleyias (do5uiusnenis

auInnsBugIuteyaniaitasgninivegludadisinsn (Senin 1-List)

2) ASAUNINASNGINAAANAT1IVULUTUNDULSA

fauansluguil 1 nsseyfenemsiunngastausuazainininaziidgudslovigs (desau
fUT18A139U) wiFuaInnsaieesise tu-List WelflunsdniAvanulsylovivemansunanduly
g1udeya vhnsairsdadvaned i-List wazinsaedanilddmivdniiunensiivsngasiaueuas
Andniagfimnuustlonige (Wesuumenisdug) 1-List (ussvind 1) mnduusasvsuusndy t, Tu
grudoyaszgneuiiovinisduaiinuuselevd tu(t,) uay dafu tutt,) Tu tu-List sou1 HURFUL
g saudarsIong | AUsIngaznauuendu t, uazyin1ssnem utility st ¥89318015 i 7
andnuiulu 1-List #2e <p, Ui, t,), 0> nouAUIMAITALINAIAATEE9INNSUTINgTuTas |

lunsuuendu t, (Ussviag 2 -4)

gj 1 ) da{ 1 . PN (% [ . 1
wmaumal‘d%Lﬂuﬂﬂimwaa‘umiﬂimmu%mmazﬁmﬁ I Agnamnuly 1-List 318AY

)
ashianendoli? Tnevhnisnsaeaeusnuasiiaue 75 vassenis i I8A1UINNIIFIVAUIAINY
avaue o, ﬁ;ﬂ%’ﬁ’muw%alﬁ Seauasiiane Y fewannin O, HURI-UL 9£aus18n13 ij 881
1NNTRNTAN usineudiazyiinisau i eenaInnnsRasaazriinnsaaneuAnuUsylevvasusazy
uusntuiifisiens i Usngitevnisasveusszinunuuszlen lnsvhnsfiansaudazaundnly
utility list ¥99518A15 i Adeddnuwazidu <p, ui, t,), 0> uagyinsaameusn tut,) Agndaiuly tu-
List f2een u(i, t,) waziileviinisfiansanynaundnlu utility list 993518015 i ud azaunsaauteya

Vaiuaved i Ngndaiivegly 1-list sananuilAuTazn IR (USSR 6 - 10)
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Algorithm 1 1-HURISs identification

Input: D : transactional database, o, : a minimum utility
threshold, o, : a maximum regularity threshold

Qutput: i-List : a two-dimension list containing 1-HURIs and
non 1-HURIs (with potentail to be HURIs with other items)
in I-List

e create tu-List, i-List and then initial 7-List with all single
items
for each transaction ¢ in database D do
e compute tu(t) and then collect tu(t) in ru-List(t)
for each item 7 in ¢ do
e update utility list of ¢ in /-List on utiltiy and
regularity value

for each item 7 in /-List do
if 7' > o, then
for each entry e in utility list of 7 do
e decrease utility value in ru-List by €’s tid and €’s
u(27 ttid)
e remove ¢ and all of its information from 7-List

e sort /-List based on order of items >
for each item ¢ in /-List do
e set u(z) and ru(z) to be zero
for each entry e = (tide,u(i)e,Tu(?)) in utility list of
item 7 do
e update ru-List(tid,) by tu-List(tid,) — u(i)e
e set ru(i) to be equal to tu-List(tid.) — u(i)e
e increase 7u(i) by ru(i)e
e increase u(z) by u(i,ttiq)
if u(7) > o, then
e HURIs = HURIs Ui
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Algorithm 2 Mining HURIs
Input: i-List : a list of itemsets
Output: HURIs : a complete set of HURIs

for each item ¢ in /-List do
e initial 2-List to be empty
for each item j in /-List (i < j) do
e merge ¢ and j to be itemset Z
e intersect utility lists of v and v to compute 7%,
u(Z), ru(Z), ou(Z) and then to collect occurrence
information and utilities in U L?
if % < o, or ou(Z) > o, then
e create an entry of itemset Z in 2-List with 1%,
w(Z), ru(Z), ou(Z) and UL?
if w(Z) > o, then
e HURIs = HURIs UZ

if |2-List| > 1 then
e Gen-Longer-Itemsets(2, i-List)

Procedure Gen-Longer-Itemsets(k, i-List)
e initial (k+1)-List to be empty
for each entry u in k-List do
for each entry v in k-List (u < v) do
e merge itemsets in entry v and v to create itemset Z
e intersect utility lists of » and v to compute 7%,
u(Z), ru(Z), ou(Z) and then to collect occurrence
information and utilities in U L?
if % < o, or ou(Z) > o, then
e create an entry for itemset Z in (k+1)-List with
rZ, w(Z), ru(Z), ou(Z) and UL?
if u(Z) > o, then
e HURIs = HURIs UZ

if |(k+1)-List| > 1 then
e Gen-Long-Itemsets(k+1, i-List)
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Presentation Program, Day 1: August 20

Caribbean 1

Time Caribbean I

08:45 - 09:20 Opening Ceremony

09:20 - 10:10 Keynote: Dr. Ayu Purwarianti (ITB)

10:10 - 10:30 Coffee break

10:30 - 10:50 Relation between EMG Signal Activation & Time Lags using Feature Analysis during Dynamic
Contraction
Nizam Uddin Ahamed, S.A.M MatiurRahaman, Mahdi Alqahtani, Omar Altwijri, Nasim Ahmed,
Kenneth Sundaraj

10:50 - 11:10 Acoustic and Language Models Adaptation for Indonesian Spontaneous Speech Recognition
Dessi Puji Lestari and Angela Irfani

11:10 - 11:30 Automatic Multilabel Classification for Indonesian News Articles
Dyah Rahmawati and Masayu Leylia Khodra

11:30 - 11:50 Combining Temporal and Content Aware Features for Microblog Retrieval
Abu Nowshed Chy, Md Zia Ullah and Masaki Aono

11:50 - 12:10 Simulating Crowd Movement in Agent-based Model of Large-Scale Flood
Suvalak Vijitpornkul and Worawan Marurngsith

12:10 - 13:30 Luncheon

13:30 - 13:50 A Framework of Fundamental News Summarization To determine the direction of Foreign
Excange Rate
Yusran T. Samuel, Dwi H. Widyantoro and Aciek I. Wuryandari

13:50 - 14:10 Compilation and Evaluation of Paraphrase Representation List of Compound Verbs Toward
Development of “Control Language for Action”
Tomoya Shirai, Hirofumi Yabumoto, Kyoko Kanzaki and Hitoshi Isahara

14:10 - 14:30 Incorporating Text Information on Presentation Slides for Spoken Lecture Retrieval
Kosuke Yamauchi and Tomoyoshi Akiba

14:30 - 14:50 Event Information Extraction from Indonesian Tweets using Conditional Random Field
Fawwaz Muhammad and Masayu Leylia Khodra

14:50 - 15:10 Coffee break

15:10 - 16:00 Keynote: Dr. Keiji Yamada (NEC Asia Pacific Pte. Ltd.)

16:20 - 16:40 Elliptic Curve Cryptography: Algorithms and Implementation Analysis over Coordinate Systems
Iskandar Setiadi, Achmad Imam Kistijantoro and Atsuko Miyaji

16:40 - 17:00 Integration of Diesel Engine Monitoring System and Recommendation System
Nur Ulfa Maulidevi, Mahdan Ahmad Fauzi Al-Hasan and Masayu Leylia Khodra

17:00 - 17:20 Confidence Interval of Probability Estimator of Laplace Smoothing
Masato Kikuchi, Mitsuo Yoshida, Masayuki Okabe and Kyoji Umemura

18:00 - 20:30 Banquet @ Poolside Le Casa Hotel




Presentation Program, Day 1: August 20 Caribbean I1
Time Caribbean II

08:45 - 09:20 Opening Ceremony

09:20 - 10:10 Keynote: Dr. Ayu Purwarianti (ITB)

10:10 - 10:30 Coffee break

10:30 - 10:50 Pushing Regularity Constraint on High Utility Itemsets Mining
Komate Amphawan and Athasit Surarerks

10:50 - 11:10 Event Extraction on Indonesian News Article Using Multiclass Categorization
Masayu Leylia Khodra

11:10 - 11:30 Improving Emotion Classification in Imbalanced YouTube Dataset Using SMOTE Algorithm
Phakhawat Sarakit, Thanaruk Theeramunkong and Choochart Haruechaiyasak

11:30 - 11:50 A Framework for Laptop Review Analysis
Thanapat Chatchaithanawat and Pakawan Pugsee

11:50 - 12:10 A New Feature Selection Based on Class Dependency and Feature Dissimilarity
Niphat Claypo and Saichon Jaiyen

12:10- 13:30 Luncheon

13:30 - 13:50 Suggestion Analysis for Food Recipe Improvement
Pakawan Pugsee and Monsinee Niyomvanich

13:50 - 14:10 SAE Syntactic-based Aspect and Opinion Extraction from Product Reviews
Warih Maharani, Dwi H. Widyantoro and Masayu L. Khodra

14:10 - 14:30 Effectiveness of Social Media Text Classification by Utilizing the Online News Category
Phat Jotikabukkana, Virach Sornlertlamvanich, Okumura Manabu and Choochart
Haruechaiyasak

14:30 - 14:50 Automatically Relation Modeling On Spatial Relationship As Self-Adaptation Ability
Iping Supriana Suwardi and Aradea

14:50 - 15:10 Coffee break

15:10 - 16:00 Keynote: Dr. Keiji Yamada (NEC Asia Pacific)

16:20 - 16:40 The Monitoring Management System for Tangible Cultural Heritage Surveillance
Chaowalit Nalad, Thatsanee Charoenporn and Nattapong Tongtep

16:40 - 17:00 Instruments Measurement Design of Human Behavior in Collaborative Software Construction
Tien Fabrianti Kusumasari, Kridanto Surendro, Husni Sastramihardja and Iping Supriana

17:00 - 17:20 Developing a Part-Time Lecturer Appointment Notification System using UCD
Suchanon Sengchuan, Wittawas Pantumchinda and Athita Onuean

18:00 - 20:30 Banquet @ Poolside Le Casa Hotel
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Presentation Program, Day 1: August 20 Caribbean III
Time Caribbean IIT

08:45 - 09:20 Opening Ceremony

09:20 - 10:10 Keynote: Dr. Ayu Purwarianti (ITB)

10:10 - 10:30 Coffee break

10:30 - 10:50 Lattice Boltzmann Method for Two-dimensional Shallow Water Equations with CUDA
Jittavat Suksumlarn, Worasait Suwannik and
Montri Maleewong

10:50 - 11:10 Energy Efficient Routing in Cluster based Wireless Sensor Network
Sounak Paul and Tapan Kumar Dey

11:10 - 11:30 Impact of End System Scheduling Policies on AFDX Performance in Avionic On-Board Data
Network
Chakkaphong Suthaputchakun, Kin-Man-Benjamin Lee and Zhili Sun

11:30 - 11:50 TippyDB: Geographically-Aware Distributed NoSQL Key-Value Store
Iskandar Setiadi and Achmad Imam Kistijantoro

11:50 - 12:10 IFIX: A New Information Exchange Framework for Financial organizations
Pheerasak Tongkamonwat and Pattarasinee Bhattarakosol

12:10 - 13:30 Luncheon

13:30 - 14:10 Quantum communications & computing
KeattisakSripimanwat, ECTI Association

14:10 - 14:50 (NBTC Project: Technology Transfer and Human Resource Development of Perfectly Secure
Quantum Communications
SuwitKiravittaya, Naresuan University

14:50 - 15:10 Coffee break

15:10 - 16:00 Keynote: Dr. Keiji Yamada (NEC Asia Pacific)

18:00 - 20:30 Banquet @ Poolside Le Casa Hotel

Presentation Program, Day 2: August 21 Caribbean I
Time Caribbean I

09:00 - 09:20 The Bilateral Denoising Performance Influence of Window, Spatial and Radiometric Variance
Vorapoj Patanavijit
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Pushing regularity constraint on
high utility itemsets mining

Komate Amphawan
Computational Innovation Laboratory, Informatics,
Burapha university, Chonburi, 20131, Thailand
Email: komate@gmail.com

Abstract—High utility itemsets mining (HUIM) is an interest-
ing topic in data mining which can be applied in a wide range of
applications, for example, on retail marketing—finding sets of sold
products giving high profit, low cost, etc. However, HUIM only
considers utility values of items/itemsets which may be insufficient
to observe buying behavior of customers. To address this issue,
we here introduce an approach to add regularity constraint into
high utility itemsets mining. Based on this approach, sets of co-
occurrence items with high utility values and regular occurrence,
called high utility-regular itemsets (HURIs), are regarded as
interesting itemsets. To mine HURIS, an efficient single-pass algo-
rithm, called HURI-UL, is proposed. HURI-UL applies concept of
remaining and overestimated utilities of itemsets to early prune
search space (uninteresting itemsets) and also utilizes utility list
structure to efficiently maintain utility values and occurrence
information of itemsets. Experimental results on real datasets
show that our proposed HURI-UL is efficient to discover high
utility itemsets with regular occurrence.

Index Terms—Data mining; Itemsets mining; High utility
itemsets; Regularity constraint

I. INTRODUCTION

Association rule mining (ARM) [1] is a fundamental re-
search topic in data mining. It aims to discover a set of
interesting rules from transactional database. ARM consists
of 2 main steps: (i) discovering sets of items with frequency
of occurrence no less than a user-specified support threshold,
called frequent itemsets, and (ii) generating rules by frequent
itemsets generated from step (i) that meets a user-given
confidence threshold, respectively. Since the first proposal of
Agrawal et al. [1], there are several extensions of ARM such
as improving efficiency of frequent itemsets mining [2], [3],
sequential patterns mining [4], mining quantitative association
rules [5], closed and maximal itemsets mining [6], [7], n-
most interesting and top-k frequent itemsets mining [8], [9],
weighted-frequent itemsets mining [10], emerged itemsets
mining [11], frequent-regular itemsets mining [12], [13], etc.

Unfortunately, most of above approaches only considers
frequency and/or regularity of occurrences which cannot re-
flect the utility of itemsets. Thus, Chan et al. [14] proposed
to consider the importances of items (e.g. profit, cost, and
other user defined) including items’ quantity of occurrence
in transactions and then introduced the task of high-utility
itemsets mining (HUIM). Based on HUIM, an itemset is
called a high-utility itemset (HUI) if its utility (i.e. unit profit
X quantity of occurrence) is no less than a user-specified
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utility threshold; otherwise, it is called a low utility itemset
(LUI). High-utility itemsets mining has a wide range of
applications such as cross-marketing in retail, website click
stream, biomedical applications and mobile commerce.

Since the first attempt [14], HUIM is developed in various
aspects such as improving efficiency of high utility itemsets
mining [15], [16], mining high utility itemsets from incremen-
tal database/data streams [17], [18], top-k high-utility itemsets
mining [19], [20], mining high utility sequential pattern [21],
[22], mining high utility itemsets based on positive and/or
negative unit profit [23], [24], etc. However, the consideration
only utility may not be sufficient to observe interesting buying
behavior of customer. For example, from database of Fig. 1,
item ‘h’ tends to be a high utility itemsets due to its utility
is 315 (i.e. (20 x 15)+ (1 x 15)). However, ‘h’ occurs only
twice in transactional database and one of them has a heavy
quantity of occurrence (as in the second transaction). On the
other hands, the utility of item ‘d’ per piece (i.e. 30) is highest
among all items, then ‘d’ and its superset might be HUIs even
if ‘d’ has only few quantity of occurrence.

To address this issue, we introduce a new approach to
discover itemsets based on their utility and regularity of
occurrence, called high utility-regular itemsets (HURIs). These
itemsets can tell us—how is about regularity of purchases
on products giving high profit’—and can help us to know
customers’ demand, to manage inventory, to make new pro-
motion and so on. To mine HURIs, an efficient algorithm
named HURI-UL (High Utility-Regular Itemsets mining based
on Utility List) is proposed. HURI-UL can avoid repeatedly
scan of database by scanning database only once. In addition,
HURI-UL applies the concept of remaining utility calculation
to prune search space and also utilizes utility list structure [25]
to efficiently maintain utilities and occurrence information
of itemsets. Experiments were conducted on both real and
synthetic datasets in order to evaluate the performance of
HURI-UL. Experimental results show that our proposed algo-
rithm is efficient to discover high utility itemsets with regular
occurrence.

The rest of this paper is organized as follows. Section II
describes the basic concepts and notations for discovering
HURIs. Section III introduces details of utility list structure
and HURI-UL algorithm. Experiments are shown in Sec-
tion IV. Finally, conclusions are given in Section V.



II. PROBLEM STATEMENT

Let I = {i1,42,...,%,} be a set of items. Each item ¢; € [
has its own external utility, denoted as eu(%;), such as profit,
cost, etc. A set X C I is called a k-itemset, if X contains
k items. A transactional database D = {t1,t2,...,t;} is a
set of m transactions such that each transaction ¢, € D is a
2-tuple containing: (i) a unique identifier p (also called tid)
and (ii) an itemset Y C I where each i; € Y is associated
with internal utility (i.e. quantity of its own occurrence in
tp), denoted as iu(ij,tp)). If X C Y, it can be said that
tp contains X or X occurs in transaction t,, denoted as t}f.
Then, the set T = {t,\,...,t;} is the ordered set w.r.t. rids
of transactions that contain X. The support value of X (i.e.
frequency of occurrence) can be defined as s = |TX|.

Definition 1: The utility of item i; occurs in transaction
tp, defined as u(i;,t,) = iu(ij,tp) X eu(iy), is the product
between internal utility of i; in transaction t, and external
utility of i;.

Definition 2: The utility of itemset X contained in trans-
action tp, defined as u(X,t,) = Zijex’xetp u(ij,tp), is the
summation of the utilities of all items in X that occurs in t,,.

Definition 3: The utility of itemset X in database D,
denfinded as u(X) = u(X,t,), is the summation
of t{fe utilities (of _)X inzatﬁ etr.él’;;(sztcptiois copn)taining X.

Based on three definitions above, the problem of high utility
itemsets mining is the task of finding all itemsets whose
utilities are not less than a user-specified utility threshold (o).
The main challenge of high utility itemsets mining is that
downward closure property cannot be hold, since a superset
of a low-utility itemset may be a high-utility one. Hence, the
concept of Transaction-Weighted Utility (TWU) [26], an over-
estimated utility of an itemset that meets downward closure
property, is proposed based on following definitions.

Definition 4: The utility of transaction t,, defined as u(t,) =
> i,et, U(ij, tp), is the summation of the utilities of all items
occur in ty,.

Definition 5: The transaction-weighted utility of itemset X,
defined as TWU(X) = >t ep,xet, tultp), is the upper
bound of utility value of X that refers to the summation of
transaction utilities of all transactions containing X.

Based on the concept of TWU, the downward closure
property can be hold and it can be said that an itemset X and
all supersets of X are low-utility itemsets, if TWU(X) < oy
However, TWU of an itemset is a loose upper bound of utility.
Therefore, Liu et al. [25] proposed a new concept of tight
upper bound of utility with less overestimated than TWU.
Then, the following definitions are introduced for this purpose.

Definition 6: Let > be order on items from 1. The re-
maining utility of X in a transaction t,, containing X, defined
as ru(X,t,) = Zijet,,,x<z‘j u(ij,tp), is the summation of
utilities of all items ordered after X in t,,.

Definition 7: The remaining utility of an itemset X in a
database D, defined as ru(X) = 37, cp ve, TU(X,tp), is
the summation of all remaining utilities of X in all transac-
tions containing X.

Definition 8: The overestimated utility of an itemset X in a
database D based on >, defined as ou(X) = u(X) +ru(X),
is the summation of the utility and the remaining utilities of
X in database D.

Based on the notions of overestimated utility, it can be
said that an itemset X and all of its supersets are low-utility
itemsets if ou(X) < oy. Thus, we can apply this concept to
cut-down search space.

As proposed by Tanbeer et al. [12], notations on regularity
of occurrence can be defined as follows.

Definition 9: The regularity of itemset X from two con-
secutive transactions containing X (i.e. t;( and t;;" where
p < q and there is no transaction between both transactions
containing X ), defined as r(t;}',t;}’) = q — p, is the gap of
occurrence of X between t;f and t;;( .

Definition 10: The regularity of X in a database D, defined
as 7(X) = max(r(t; ,t7),...,r(t;,t3)) where 1 < p <
q <y <z < |D| is the maximal gap of occurrence of X in
database D.

Problem statement. Given a database D, a user-given min-
imum utility threshold o,, and a maximum regularity threshold
o, the problem of mining high utility-regular itemsets is to
discover a complete set of itemsets whose (7) utility values are
not less than o, and (ii) regularity values are not greater than
o, respectively.

III. PROPOSED METHOD

In this section, we first introduces the main concept of utility
list structure as proposed in [25] and then describes details of
HURI-UL for mining high utility-regular itemsets.

A. Utility list

Based on the concept of the order on items (>), a utility
list of an itemset X can be defined as an ordered set of 3-
tuples: (p,u(X,t,), ru(X,t,)) where p is a tid of transaction
containing X, u(X,¢p) is the utility of X in the transaction
tp, and ru(X,tp) is the remaining utility of all items ordered
after X (> X) in transaction ¢,.

For example, consider item ‘a’ in database of Fig. 1 with
external utility eu(a) = 3 and the occurrence of ‘a’ in
transactions {¢1,ts,ts,t7, tg}. If the order of item is a <
b < ... < h, then the utility list of a can be expressed as
UL* = {(1,9,73),(3,6,34), (5,6,19), (7,15,42), (8,9,41) }
Each element of UL® contains 3 information. For example,
the first element (1,9, 73) lets us know that (i) a occurs in ¢y,
(ii) utility of a in t1, u(a, t1), is equal to 9, and (i) remaining
utility of a in ¢1, ru(a, t1), is equal to 73, respectively.

B. HURI-UL algorithm

As mentioned above, HURI-UL not only applies the concept
of remaining and overestimated utilities to cut-down search
space but also utilizes utility list structure to efficiently main-
tain utility values and occurrence information of itemsets.
Moreover, to avoid repeatedly scan database, a simple list,
named ru-List, used for storing transaction utilities for all
transactions is created. HURI-UL consists of 2 main steps:
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Fig. 1. Transactional database with internal utilities and external utility

1) Identifing 1-HURIs contained in i-List—a simple two-
dimension list that separately stores itemsets by its
own size, for example, I-List for 1-itemsets, 2-List
for 2-itemsets, and k-List for k-itemsets, respectively.
Each entry in the k-List contains 5 pieces of infor-
mation: itemset name I, its regularity r!, its utility
value u([), its remaining utility ru(I), and its utility
list UL respectively.

2) Mining a complete set of HURIs from i-List.

1) Identifying 1-HURIs (algorithm 1): HURI-UL first ini-
tials ru-List, i-List and then creates entries for all items in
1-List. Next, each transaction ¢ in database is read and its
utility is calculated and collected in fu-List. For each item ¢
in transaction ¢, its u(4, ) is computed and then collected into
its utility list in 7-List with tid of t. After scanning all of
transactions, items with regularity value greater than the user-
given threshold are identified as non-regular items (i.e. items
that are not regularly appear in database) and then removed
from 1-List. Transaction utilities in fu-List corresponding to
utilities of non-regular items are updated. Next, items in /-List
are ordered by > and remaining utility of each item on each
transaction is calculated and collected in utility list. Actual
and remaining utilities of each item are also calculated to
know the overestimated utility of each items. Lastly, items
with overestimated utilities less than the user-given utility
threshold are removed from 7-List. At the end of identifying
1-HURISs step, we gain 1-HURIs and non 1-HURISs (items with
overestimated utilities no less than utility threshold) contained
in /-List and ready to mine larger itemsets.

2) Mining a complete set of HURIs (algorithm 2): Each
item ¢ in /-List is considered. Then, item ¢ is merged with
other items in /-List (one by one) based on > in order to
generate 2-itemsets. For each merging, utility list of both
items are intersected (in the same manner as [25]) in order to

Algorithm 1 1-HURIs identification

Input: D : transactional database, o, : a minimum utility
threshold, o, : a maximum regularity threshold

Output: i-List : a two-dimension list containing 1-HURIs and
non 1-HURIs (with potentail to be HURIs with other items)
in I-List

e create tu-List, i-List and then initial 7-List with all single
items
for each transaction ¢ in database D do
e compute tu(t) and then collect tu(t) in tu-List(t)
for each item 7 in t do
e update utility list of ¢ in /-List on utiltiy and
regularity value

for each item ¢ in I-List do
if r* > o, then
for each entry e in utility list of ¢ do
e decrease utility value in fu-List by e’s tid and e’s
u(i, teiq)
e remove ¢ and all of its information from I-List

e sort /-List based on order of items >
for each item 7 in I-List do
e set u(i) and ru(s) to be zero
for each entry e = (tide, u(i)e, ru(i)e) in utility list of
item ¢ do
e update ru-List(tid,) by tu-List(tid) — u (i)
e set ru(i)e to be equal to tu-List(tide) — u(%).
e increase ru(i) by ru(%).
e increase u(i) by u(i, tyiq)
if u(?) > o, then
e HURIs = HURIs Uz

calculate regularity, utility, overestimated utility and to collect
utility list of the new generated 2-itemset (itemset Z). If
regularity of Z is not greater than regularity threshold and
overestimated utility of Z is not less than utility threshold,
an entry of Z is created in 2-List with its information. After
generating all of 2-itemsets corresponding to ¢, the merging
process is repeatedly performed until there is only one or no
more k-itemset contained in k-List. Then, HURI-UL move the
consideration to another item j in the /-List (based on >) and
then do the same manner as above. After consider all items
in I-List based on merging step, we gain a complete set of
HURIs that meet regularity and utility constraints.

C. Example of HURI-UL

An example is given to illustrate how HURI-UL works for
discovering a complete set of HURIs. Assume that regularity
and utility threshold are set to be 3 and 50 (i.e. o, = 3 and
o, = 90), respectively. A database with internal utility and
external utilities of all items are shown in Fig. 1. From all of
above parameters, itemsets with utility not less than 50 and
regularly occur in database (i.e. itemsets can be disappear from



Algorithm 2 Mining HURIs

Input: i-List : a list of itemsets
Output: HURIs : a complete set of HURIs

for each item ¢ in /-List do
e initial 2-List to be empty
for each item j in I-List ( < j) do
e merge ¢ and j to be itemset Z
e intersect utility lists of « and v to compute 77,
w(Z), ru(Z), ou(Z) and then to collect occurrence
information and utilities in U L%
if r? < o, or ou(Z) > o, then
e create an entry of itemset Z in 2-List with r%,
w(Z), ru(Z), ou(Z) and UL?
if u(Z) > o, then
e HURIs = HURIs UZ

if |2-List| > 1 then
e Gen-Longer-Itemsets(2, i-List)

Procedure Gen-Longer-Itemsets(k, i-List)
e initial (k+1)-List to be empty
for each entry u in k-List do
for each entry v in k-List (u < v) do
e merge itemsets in entry v and v to create itemset Z
e intersect utility lists of « and v to compute 77,
w(Z), ru(Z), ou(Z) and then to collect occurrence
information and utilities in U L%
if 2 < o, or ou(Z) > o, then
e create an entry for itemset Z in (k+1)-List with
rZ, w(Z), ru(Z), ou(Z) and UL?
if u(Z) > o, then
e HURIs = HURIs UZ

if |(k+1)-List| > 1 then
e Gen-Long-Itemsets(k+1, i-List)

database at most 3 consecutive transactions) are regarded as
interesting.

First, tu-List and I-List are first initialed. Next, each
transaction in database is scanned, For the first transaction
t1 = {a(3),¢(8),d(2),e(1)}, its transaction utility tu(t1) is
computed (i.e. (3 x3)+ (8x 1)+ (2x30)+(1x5)=282)
and then collected in tfu-List. In addition, entries for item a,
¢, d, and e are updated as illustrated in Fig. 2(a) (Notice that
to save space, each entry of /-List only shows item-name,
regularity value and utility list). For the second transaction
to = {b(5), f(3),9(5), h(20)}, tu-List and the entries of items
b, f, g, and h are updated as shown in Fig. 2(b). For the third
until the last transaction, HURI-UL acts in the same manner
as above and then we gain /-List as in Fig. 2(c). The entries of
items g and h are eliminated from /-List, since their regularity
is greater than o,.. Lastly, the remaining utility on transactions
of each item is calculated and updated into its utility list (see
Fig. 2(d)).

Next, an item a is considered and then merged together with
items b, ¢, d, e and f, respectively. For each merging like a
merged with b, both items are mered to be itemset Z({a,b).
Then, utility lists UL® and UL® are intersected together in
order to compute %% = 5, u({a, b)) = 40, ou({a, b)) = 132
and to collect UL{*? = {(5,12,13), (7,17, 40), (8,11,39)},
respectively. Since (%%} is greater than o,, then (a, b) does
not regularly occur in database and it can be removed out of
the consideration (based on the downward-closure property).
The merging process is repeated for all pairs of item a and
the others. Next, HURI-UL tries to generate longer itemsets
such as 3-itemsets, 4-itemsets, ..., k-itemsets by recursively
considering pairs of itemsets stored in i-List. Then, HURI-
UL moves the consideration to other items such as b, ¢, d, e
and applies the merging, intersection, and recursively generate
long-itemsets to identify a complete set HURIs.

IV. EXPERMENTAL EVALUATION

In this section, we show some experiments done to in-
vestigate performance of our proposed HURI-UL algorithm.
However, from the best of our knowledge, this is the first
attempt to add regularity constraint to high utility itemsets.
Thus, there is no comparative study provided. HURI-UL is
implemented on C and run on Xeon® 2.4 GHz with 64
GB of RAM. The regularity and utility thresholds are varied
between 1 —10% and 0.1 — 1% (similar parameter as previous
works [14], [27], [12], [13]) to observe computational time and
number of itemsets generated from HURI-UL. Four datasets
downloaded from [28] are used as shown in Table 1.

TABLE I
DATABASE CHARACTERISTICS

Database ##items | Avglength | #Transactions | type

chess 75 37 3,196 | dense
connect 129 43 67,557 | dense
mushroom 119 23 8,124 | dense
retail 16,469 10.3 88,162 | sparse

Figure 3 shows the computational time of HURI-UL on
the variation of regularity threshold and a fix value of utility
threshold. From the figure, higher value of regularity threshold
causes higher computational time. The reason is that on high
regularity threshold, there are more and more items/itemsets
that meet the threshold. Then, HURI-UL has to spend more
time to consider these itemsets. In contrast, Fig. 4 indicates
the runtime of HURI-UL on the variation of utility threshold
and a fix value of regularity threshold. From Fig. 4, it can
be observed that runtime decreases as the increasing of utility
threshold. This is because with the high utility threshold, there
are less items/itemsets that meet the threshold. Then, this make
a reduction on merging and on intersection of pairs of utility
lists.

To observe number of itemsets discovered from HURI-
UL, experiments were conducted in the same way as runtime
investigation. Figure 5 shows number of discovered itemsets
on variation of regularity threshold and a fix value of utility
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Fig. 3. Runtime with the variation of regularity threshold

threshold. Meanwhile, Fig. 6 indicates number of discovered
itemsets on a different way. From both figures, it can be seen
that high regularity threshold causes HURI-UL can generate
more results than the low one. With high regularity threshold,
there are thousands of itemsets that can meets the thresholds.
Meanwhile, high utility threshold results in HURI-UL generate
less itemsets than the low one (the reason is in contrast with
the value of regularity threshold).

Fig. 4. Runtime with the variation of utility threshold

V. CONCLUSION

In this paper, we have introduced a new approach to add
regularity constraint on high utility itemsets mining. This can
help to observe buying behavior of customer based on sold
products giving high profit, low cost, etc. In this approach, any
set of items that regularly appears in database and gives high
utility is interesting. To mine such itemsets, an efficient single-
pass named HURI-UL is proposed. HURI-UL applies the con-
cept of remaining utility, overestimated utility and also utilizes
utility list to efficiently prune search space. Experiments were
conducted based on four real datasets and results show that our
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proposed HURI-UL is efficient to discover valuable itemsets.
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