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57920140: MAJOR: INFORMATION TECHNOLOGY; M.Sc. (INFORMATION TECHNOLOGY)
KEYWORDS: DATA MINING, FREQUENT-REGULAR PATTERN, TOP-K FREQUENT-REGULAR
PATTERN, BIT-VECTOR, DATA STREAM, SLIDING WINDOW
TASHINEE MESAMA: MINING TOP-K FREQUENT-REGULAR ITEMSETS FROM
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Frequent-regular itemset mining has achieved a great attention and applied
in several applications. In this framework, an itemset that frequently and regularly
occurs in a database is identified as interesting. However, without prior knowledge, the
setting appropriate support and regularity thresholds to measure interestingness of
itemsets is quite difficult. This may lead to none, only few or overwhelm of generated
results causing users cannot further take advantages from these itemsets. In addition,
mining interesting itemsets over data streams is a challenging task on various domains.
Therefore, to cope with these issues, we here propose an approach to mine top-k
frequent-regular itemsets over data streams.To mine such itemsets, the concept of
sliding window is applied in which recent occurrences are considered to be more
important than the former occurrences. An efficient single- pass algorithm, called
“TFRIM-DS” is also introduced to mine a set of k itemsets that regularly occur and
have highest support in the current considered window. In addition, a bit-vector with
a reuse technique is applied and designed to efficiently maintain occurrence
information of each itemset. Experiments were conducted and showed efficiency of
our proposed TFRIM-DS to mine top-k frequent-regular itemsets over sliding window

of data streams.
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pattern ) iflo 199 X Usznoulusaes1ensiaau k 18075 9439077 kitemset, k-pattern
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2.1.2. mié'umgﬂuwﬂﬁgﬁaaLLazUiﬂnﬂaﬁﬂLaua (Mining frequent-regular
itemsets)
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arsoraalldan 3 nsdivil

1. §msruentu & iBunsiunenduidyasienis X Ysingiuasausn Aman
auinaue ré 9zdlANYIAY j A1904 1 VUFNEIT IO TN T UG £, 9unTednTs
Urngiuasiusnvesgnsiens x Tunsuendy o

2. §1 ¢ 10ugIsuvems N Fundiain ¢ ilyesiens x Using uax ¢ 1u
Vs INTUTTIN ¢ uaz ¢ Alivasients x Usngdu annsaduaalian ré=k—j
QYUTNIFITTEYY 19909 15UTINGTUVOIYATIENIT X 5EU TN 1 UAY 6]

3. §myrmenti o 1Suns e suia x Uﬁﬂgiﬂﬁ%@@%y AImIEL ae ri
iAWY ITDB| — tf A7 1 VUFRIEIT YOI TN TSRS |TDB| 9unseriaiings
Urngduasignineves x Tunsmuenty o ieersanmsusingfuresgasienIsildan
msmemrsasiiaie wwibildmnuahiaiovesrasiensiinisusings) lnsaunse
MIAINANNIT 1 = max(r, 1, o)

519115 X axiuguvuivsinguesuasysingasnaueldozdoedaiatuayy
1NNk USIIUAYY (minimum support threshold, o) uagdimmadnasedosniy
wiauhAuRTautemmatinase (maximum regularity threshold, o,) Femdauaviass

gnimunlnesly

Uymvesnisivuainaeiaaudsaivayuinuanzauiuleyanensiuduilaein
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2.1.3. maﬁ'umgﬂLLUUiJ'i'mgijafJLﬂé'ué'w,sml,azﬂﬂngaaj%aua (Mining top-k
frequent-regular itemsets)
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AUTINITUTING BB gURUUNUIINgUBY aliuUseansamlunisinaiuddgyednis

P

AUFURUUNMTUTINgUatuazUngegwasinate anunsatenulanadl
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1. was1ensiladadautenuaauetoenimiaitumdauniwaiiaue

2. ehaduayuveaansienseglussuliius 1w uile
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2.2 UIALNN8IVa9
msﬁumgﬂquﬁﬂimgﬂaa@umﬂ (Agrawal, R., ag Srikant, R., 1994) laiuaue
Junauisdmun1saumunuuusnguey (Frequent itemset mining, FIM) 11315847

a

AudaulavensnsenslugULuuTeIRNRMETunuIsesnIee3 (Aprior) Newaylyl
o £ = Y [ I d'a a a o gj addy

dudou Jelasunisvonsunaniduidenuin eznseasilutunouisnugiulunism
ANuFuiusvestoyalagldndnn1sAumILuLINIe B9grinisasiaass1udoyasnn
gudeyaiiasnsuuendu wilieintunewisilimunzdunisyhauiudeyadiuiuuin
WIegIulayavuInlvg s1gazfadasiuensen1siivnandungainu duiusiiuauuin
wariin1senuteyainng udeyananeass (Han, J., wazaAne, 2000) Falaudnauedunauisien
#-1ns7 (Frequent pattern growth: FP-growth) TunisdAumzuwuunusingueslaglises
aﬁ”wLezjmwmiﬁ‘uiwzLﬁuﬂgmmé’mﬁuﬁ‘LLazﬁﬂﬂf]ia"]uﬁi'fam“amﬂgwwﬁayjaLﬂmaam%’q LD

v o [ qz/ a a a :’{ al & 1

anszezIalun1sUseadanavianunsavinaulasitu Jussavsnmunntunasiinnugaveu
g9 fiaun (Zaki, M.J., 2000) laWau1Tunaudsiioansteriiainisuseuinnaliaiuise
° Py ° ' v a & o T v a I3
aulafvy lngvihmssrugpudeyaiissnsustuagliinisadisensienisiuiaedung
ANUFNITLS TunsAumzUuuuaudnusnguesannsiensdalidnnatenuise 819
Wy NS en1snusinguesludeyanseualagldussaniamvesnalinnisifeu
nieing (Ui, H., wae Lee, S., 2009) N3AUNIGATIENITNUIINGUBLLATUAULINLAENANIGES
N1sAMUAAITALUETUAYY (Amphawan, K., kagane, 2009) NMSAUNEATIEN15IUSING

Uagandeyanseua (Calders, T, wagamy, 2014) Feuidedand1dagiansanluudyy

AMUAYRINTUIING WU

siamléfﬁmiﬁmimwgﬂLLUUﬁUiﬂﬂgﬁaaLLazﬂiﬂﬂgaﬂNaﬁ%ama (Tanbeer, S. K.,
wazame, 2009) Iiausduneudsnmadumsluuuiiunnguesuazusngogisasinaue Tng
thnsusngegaianowazadaulsavayundunusiinanuduiusyesensenislu
gudeya shldnsuiasssensiusnguesuaznngesasiae RICLPRC I CEHaEY

nldusegnaldlaanunanes anu oy nginssunisdedumluiisassnaualusionis

=

duAvandeusyq wazgnaeogNadiaNe Welrlun1sHANTUILT0INITTAINEUAT N159R

Y Y

[

Maduufududay nssaldsluduresduiniiug ludiuvetedunsunindaiunse
fnsandetaseny 01m Mslddin Weuszneunsdnduladoninig senuuunnuss fuun
9 sudsdssneamazaindineulandguilan uarduq lunsdumsuiuuiiusngues
wazUnngeesainaueldazdosimunmsfines 2 A1 fie 1) Adautsatiuayu 2) Ada

wUIANNALLALD dmSuiatsaensienisiutaula uhegnelsAniuy n1s1uARAIYaALUS
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advayulpelinsvisnudnvuzvesoyaszduiesen andymaings (Amphawan,
K., hagatz, 2009), (Amphawan, K., uazang, 2012), (Amphawan, K., Wwag Lenca, P.,
2015) llauatunowisnsaumsuiuunusnguesiaduiuiasusingegiadate lnegld
ANVUATIUIUNAANSTFBINITASUAULMUNTINUAAITALUATUAYY Laginuar1UnkU9
ANUELIEND Feazviliaiuisansuuuuiasliuundadvayugiganazysingaeng
adnane wazviniswuigiudayasieniseanmdudiug aearlauianuadnaus il
a a a Q" 1 [ Y o £ d"j a" [ <

a1u1snanUSuun1siUssuiisulensen1snusingsaudule vinldnauaziiunnisdaiu
Toyanniogas

nsAumsUuuuusInguesgaiadusuandeyanseua (Chi-Wing-Wong, R., iag
Wai-Chee Fu, A., 2006) litauetuneuisnisAunsluuuiiusinguesaindeyanssua
Chernoff-based Algorithms ag Lossy Counting Algorithm Tunisnnassesvitansiuneou
a1 Y a vy A ! ° 9 a = Y v |
Wowundayuiiesnawaznsldnuninhemiuilagldmvatanisideuniiaiadimntielu
nsAum iU esandeyanseualuteyanlnadiuses viliaiunsos udeyald
=) gj a ' [ 1 5 = a o o 13 < 1 cgil
WgeATugINITEutayaldaraTRaliaud Ay lunisAumsuuuiluegaunuenaind
v a ¥ d' d’{ 1 1 6 ¥ % é{ 1 1 4‘ a
gain1sAumzluuunungiudssuazunngetwadiaueligniimudusegiwaiiodludn
a8 Wiyl 19N NsAUNIERTIEn1INUTINgUasludeyanTeiaan nraleyiIanian
(Giannella, C., uagAnz, 2004) N1sAUNIERs1en1sAUsIngadnaveludeyanszua
(Tanbeer, S. K., wazAnug, 2010) N5t baundnTnnnnesiieAUnIens18n1SwuLUna8a
590157 (Vo, B., hazAnz, 2012) n1sAUNIns1e91UsInUaindunuwsniazysing o
A1 aN8IINFIULOYATIHNNT (Sittuchaitaweekul, P., uar Amphawan, K., 2014) n1514
watan1sideuntsislunsAunensen1siusinguesaindeyanseud (Lee, G, Wazany
, 2014) MAUNILEATIENIINUIINGUBBATUAUKINLAZUTIN g WaLauslugns18n1s

wUUUA (Amphawan, K. ag Lenca, P., 2015)

Y v =
2.3 Qzuan‘umz%aagm%agaiﬁalmiﬂﬂumiwﬂam
JoyanilddmsunsdumsluuunusnguesduiuusnuazUsingegaainaus (Ju
Yatoyailasuaruiieie Jvhliinidedug ansansiudnseansamuenisinnud

Y a aa a o Y v Y & S 1 v g v
LLV]‘U?QGU@Q'Jﬁﬂ"ﬁV]U']Lﬁu@VL@ IﬂUﬁ’]ﬂ'ﬁﬂ@qﬁﬁiwaﬂmayjalﬂﬂqﬂL'J‘U‘lelm fimi I@EJ?J@?;I@‘V]IGULLUQ

(%
Y

Toyasenlailu 2 Ussian Ao 1) g1udeyassaianun 6 §1uteyasnenis laun Accidents,

Aa o v

Chess, Connect, Mushroom Wwag Pumsb Nlldnyaizuaeiayanuiuiy uay Retail N1

(%

dnwarveIayalu N 2) grudeyaduasisivianun 2 g1udeuasienis Lakn T1014D100K

PP

uay T40I10D100K Milanuwazvastayalu1un kanslunnsai 2.1

! http://fimi.ua.ac.be/data/
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giudeya | 1WA | IWIUNTIY | IUIUAMNENT | Anue y

”iwmts 318013 wontu | wisnsunendy daya Uszinntoya
Accident 468 340,182 33.8 MUY Foyaas
Chess 75 3,196 37 VLY TRIGRPN
Connect 129 67,556 43 VUL SHGERN
Mushroom 119 8,124 23 VLY TRHGRPN
Pumsb 7,117 49,046 74 NUIUU SHGEEN
Retail 16,470 | 88,162 10.3 U SHGEEN
T1014D100K 1,000 100,000 10 VLU Gﬁau”aé’qmiw
T40110D100K | 1,000 | 100,000 40 v | deyadunsie

ndeyaiiuandlunisnan 2.1 wanslimudadiuiusenis Sruunsueenduy
FuIuANNLIIRdENTINLENTY dnymrdeya uazUszinndeya lnegudeya s18n1s
Accident $518115799UA 468 518115 FIUIUNTIULYNTY 340,182 ns1unandu 1Ty
grudeyanidnvaznuiwiy wazludoyadds Tagrudeyasienisildsiusiudeyanisiin
va d’lj Ql' IS N N a & o =
guRmENIRTIRITHIUTUNNneumileovassenauaben Tudasaddnsiy 1991-2000 &

9 9
[y [

Jannulagan1TuanmLiern® (National Institute of Statistics, NIS)

g1udioyas1en1s Chess f518n199amun 75 519015 1UIUNTIULINTU 3,196
nunsndu 1ugrudeyafiidnvasnuindy wazsifudeyasss uazgrudoyasionis
Connect fisensanun 129 $18M3 SunsIuLsndu 67,556 nsuuendu Wugudoya
Adnwarvuuiy wazdudoyasse ugudeyasionmsidaiuidnisidiunnnluseming
nsuYetululAagnITuLY N T ﬁgmwi’mmﬂ UCI Machine Learning Repository

g1udoyas18n1s Mushroom fsen1sfanan 119 598113 Srurunsiuwendy
8,124 nyuusndu iugrudeyaiifidnuausvuuiu uasidudeyasse iugudeyasonsi
Tgdnsudnnudeyanudnuuzvesaeiugueainuiazyiin

gruteyasien1s Pumsb S518nsanua 7,117 918019 S1urunTIuLEndy
49,046 nuusntu \ugudeyaifidnvarvuuiu uazduteyasis iugudeyasions
flddmiviaiudoyanisdsadululsznnsuaziegend

g1uteyasienis Ratail S518n15%9Maa 16,470 18015 S1UIUNTIURENTY
81,162 nyuusntu iuguteyanidnvazuiau wasidudoyasis iugudeyasienisi
gndmfuainagndndud a Sudlulssmauadeusuni susunnaudaiaddngy 1999
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ufafoungainioudaiaddngy 2000 Juduteyaiiinsuwendumnuideyaluusas
NIUMENTuLeY

gIuteyasenis TL0MD100K uargiutoyaenis T4014D100K fs1en1svianue
1,000 57615 $1runTuLsndu 100,000 nuusndu uguteyaifdnvuzuiau uas
Judeyaduasizi lugudoyasnen1sninn1sdnasegsnssunisauaniag IBM Generator
anvrveyAtayaneNIsAnYININANTUILLLTUATI LY TEIANYRIYATRYA tneYn
Toyaaziinrumuuiuileairsyateyanifinrmenfudaumn



uni 3
A5ANTUNI5IVY

Mnunieunthldfinasnuideiiiiauenmsfumsuuuuiivnngussiagsng
pgnainate dsnsimunddauisatuayuduiFesivinldendslatiinidelfinauanis
AunsUuuuIUTIngUesaandudunsnuazUsingossainme Inonisivunnadnsi
#an13 (k) ununisimuaddautsaiuayy wazilnuidenisiaulafsafunisdum
susuvIngutoyansvua Sedeyanseuaudoyaiiiuiinaun wedudeyaiifimaduty
otsdaLleslusniisnga vilinsuszananauvuunaliannsavienldlunaedediin
Fesdudseenuuuiuneudtiieudoyasndeyanszuaifisssouifior wagfesooniuy
lassassdoyadmivinfudoyadmiunisuszinanaiidesnisldmenudidesuass
Usgdnsnm

G’hﬂLmﬁfmuiﬁwmﬁwuﬁ‘ﬁlﬁﬁmaua%’umuiﬁ TFRIM-DS (Top-k Frequent-Regular
ltemsets Miner over Data Streams) d1iun13AunsuLuuUsINgUasgaLASUAuLINLAY
Usingedwasinasenindoyanszuadiomaianisideuniiiang suuvuiagfiaisu
anuddnideanuhaulavesguuuludinrmiuazaiuaiianevesnsusing Uszneu
futeyanszuadudeyaiifidnsnisinavesteyadeutrannviliniseudeyaiagnd il
swldifivsnfuier uazldamsodaivdoyatomunliluniisausmiedanls
Fefudssuduiiagdosmuamindidyonisusngtuvessuuuunismeldinisussandld
wallansidouvthensfidaaz imuslideyadivadunlmignaziinnmddunnindeyad
vadsndeunih (namAedeyaiiengunaziinrwddnyoaidefisuiudeyadisonydes
sefinnudidyun) lnemefianisdeuntdnaginismmueveueaveinisinnsanaeld
YUIATRMANS Wwildsazvinnnsiansaamznsuusnduilnadanaaadudimon w
ysunenduvinty Faandunmi 3.1)

Wl =5

Transaction

th..|te|t7 | te|ts|ta bt 1y

data stream

|W| =5u0as W={tsty t3, t, t1 }
t; fis nouusnduiilvaidiandige
t, A NsumnTunlatandunsusendunsn

dl U 1 E%4 a -dl v U U 4
2NN 3.1 G\’JEJEJ’Nﬂ'Ti‘UiSEqIﬂGﬂ?JLVIﬂUﬂLﬁ@u%uqﬁl’lﬁﬂUﬂJaiﬂlaﬂigLLﬁ
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AT 3.1 15ezdangladnlledldinnisiruareulunven1siansan (vun
Yoant1e19) W w inadianisdeuntisieagyinisiansananiznsusenduinluaidiun
8180 w NIIULDNTU AI9E190HU D119UALA w TA1INAU 5 ATiAN1SEoUNTIsN99Y
a o 1 A a o - o A =2 =
#9151 5 N9 unenFuargaiiialvadiun (e nsuuendui 1 89 5 31nnma 3.1)
lngnsuuendunieny Mungaansuiendu) unimauuenduil 5 awgnauieainnis
#915047 B4INNIANLUNITANATT AT MIUTIANUFURUTVRIFIVBMTOMANT 50U

UsnHTuargam NI uIum UL fungldien1siatsanla

3.1 Hgy
Tunadeilavssgnddenunugiuainiing1aliluuny 2 Tuued waganiinaun
PNAULTIEANTaNMVUATEAgINUIULUUNUIIN UaugaLAguAuLINLAT UTINGBEN4

adanedntoyanseuamewmatianisdeuniieiig tassil

Berudt 3.1 F199ualF 1 = {iy, iy i .., i} (TUEa18075 (items) 7919%31889899999158
gmsaiidesnsmaNdg Tneisen i € 1 91 “518m3”

Jeauil 3.2 Ul 19 X = (i, iy, ., i,} € 1 439077 199718075 (set of items, an
ftemset w39 a pattern ) e x Usznaulusresiensiaay k 16077 9436037 k-itemset,
k-pattern

fguil 3.3 F19UAlA DS = (ds,, ds,, dss, ..} (ugIuTeyanszuaTessEnaUR YA 1
YOINTINUTNTY IngusiazionyemsIuuentu ds, 9¢Ivalting a ¥292a17 j Uasuiay
ds; = {ti,ta ta, o, tias; } 9z UsenovulUdeienyem s uuen TN T IuaidIu I ve s ag N
wnSuuvuduasy lnelunisldsudedayasngudoys ts1esamisaldsudoyaiiay ds; 7
Fausiay ds, 9219805 maunT e Ty

fgrwil 3.4 Amuali w Aonie1am3eveuIYnYeInIINIITUIMINUUTNTUIING 1LTOYA
nssua uasAmualsl w| Aedruaunsiuiignusseaignlugiudeyanssua

Ga0e197 3.1 §9799ualy (wl = 100 4gaed L1979 w 98990157997847 100 95U
wsntuagnlugiutoyanszua &1 as 1387 t, 4 ds, U599 70 NFIUUIATY 1579599775
AUMIMAANT0In ds, TATIAY 70 NSIULIATY NE1IAD W = ds,(70) = {61, o tar o Ero)
9937 8d 1387 t, 4 ds, ﬁwiyé’w 80 V5IUUINTY Doy w yN75N9I50 V04
29099 ds, U ds, N9INLI99 w 98UsENOURE 20 NIIMUTNTUAIFADIN ds, UAY 80
NIIUYATUDIN ds, (NAT1IAO W = ds;(20) + ds,(80) = {t, s, ..., tae} ULty ty tar e o))



16

FaN 84 1987 t; A ds; TUTTPAE 50 NTIUINTY Tazvilyinidiane w InsieIsIvoya
DINN ds, Ua ds; 199919979 w 92UseNaUnIg 50 NTINUTNTUAIFADIN ds, UAY 50
NTIUUTNTUDIN dss (18190 w = ds,(50) + ds3(50) = {ty,ts, s, s teo} ULts tay tar s tsod)

Je9aidl 3.5 F1ualil T = (¢, .. t,} Wousay t, T 1TuauBnvesnhine w Ao wnved
nsmandunelining e w Adeniens X Using

Foifu Arvaivayuveaensiens X meldmining w esamisaduanlion sx =
T FevzuanadeTiuau nsuentulumbee w Adiensens x Using Sndenilea
AN NTUBVONTATIENIT X D18l6miT1699 w aggrusadiuIalden X =
max(fr¥, reef, rees, ...,rttl);vglgl_l, Ir¥) éf//@

1. fr¥ o erpamasihianeduidesainnisusngiuasusnves x neldningie w
FouanedsrrvommsmunduaunssiinsUnngduniiusnyes X

2. Upag retX Ao ﬂ'm:z7yaifvzayaﬁvzﬁad@7nm'51/57@5117/@@ X al NTIUUYATU t,,
uae t, leii 1) mﬁhmg% a NINUTNTU t, A t, @szﬁuﬁ’Ja‘U@‘?ngﬁm'aLﬁam‘”u lngay
Z;/ﬁmiﬁmg%%q X 5EUIN NTIUMINTY t, U8 t, 4ag 2) NTIUMINTY t, 9eU5In9 U
WG W AOUNTIUUTATY t, TV UTAND I NV T IR TSI NN TIUMTATY t, UBE
t, 199 x livsingluniadie wlne reed arursaf1uaaladarn reef =v—u

3. 1 Ao Fnrwaaueduidesainnisusingiunsigaiieves x meldmiisia
w A1V T IR TUTNT X Uimg?ﬂ/mnn75U57ngﬁ%@f@ﬁmZU@mw%mw
wsnFugavneveainge w Ing X ausaruaallaan = \wi—t, e ¢, Aonsruen
Fugnhemeldmhes w il x Using

Fa08199 3.2 §u9NTI18715 X Uf’mgim%um o NIINUTNTY t,, 92Y719A7 FrX dA7
71U 10
097l 3.3 SUHTI8N5 X Usnnluns 1Nt o, uazusingdusnasoidslunsiuen
TU t50 I0EIUTENTINTIUUINTY 1y UBE s 92L8TT9TI8075 X UTI0Y S91u ek 9z
aursamualei iy reeks = 30 — 10 = 20
206971 3.4 Sremualimiiee w TveuanIsAeITaNyIAY 100 N5IULINTU UG to
Fonsruuandugainenieliniin w il x Using sl a7 1" azaunsoduaaldan
IrX =100 — 90 = 10

9IN699617971 3.2, 3.3 4aw 3.4 ArINaNaNE ¥ vgasoruanlldidu X =
max(10,20,10) = 20 M999zaI2130VIVEN AT NTATIINIT X 92UsIngTUREhtios 1 Asaly
N9 20 nymusntunIglaniine w
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flewil 3.6 Amualy k AoT1uIUFUUUUIILTHRINITAUNI, |w| ADTIUIUNT N TUN 1T
YOULYAN TN IIWDIT0d)

Terrudt 3.7 Fieli o, Fo ArTautemauaiiaue (Regularity threshold)
g0l 3.8 1901975 X 109 vaifusvuvuysingveegainsusuusnuasUsingeee
sinaue9Indoyanszuaisole

1. msusngiuves x daawasinase (hanide Armruasiiae r* vee X vxsoel
Anfoenimsaunsuamdautenuainaue o,)

2. sxdpalufions1en1s v 10091 k — 1 596015 HRuTasInITva iU ee
aunaueuasimmivayunnI X

Tymnisaumsuuvysngvssgainsusuusnuassingedeanauenindoya
nszugesdunIsaum k lwas1emsiusngedrasnausuasdnmivayugignanuieg
vasz i awila e
3.2 35AHUUIEY

NTYINVIAU Q‘i%’alé’ﬁnaua%mmau%’% TFRIM-DS (Top-k Frequent-Regular
ltemsets Miner over Data Streams) d13un13AumsULUUUTINg U anAduAuLINIaL
Unngegashianenndoyanszuademaiinmadountieng lnsdunouds TFRIM-DS ag
Usgnaude 3 Suneundn (Fauandlunmil 3.2) fo

1. Msadidaivonenionsuazmsiniuenmonisivsngiulugiudoyanszua

2. M3FumWAdNS (FULUUUTINgUaBaaAsusuLIAwazUsINgoesaiae) A n
itemList fla¥1adunassmavludunoud 1

3. 1159An"g itemList ieaudeyaiilifaudrdyeonainnisiansan (audeya
duilosnnnisideuvesmiinm) audiy

Tnendumeutia 3 efiwnvemsuusndulvadnalng duneuds TFRIM-DS v
fudunisarluduneud 3, 1 uag 2 awuddu Tagsendnanisdumizuuuy TRRIM-DS ¢

UszandldUnnnmes (Bit-vector) Wisldlunsiniudayanisusngiuveaansianisni
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nl
f §_| h" b"“‘““’( Eliminating occurrence >

information

1" batch Updating itemList
’ (Scanning Data Stream)

‘ Mining Results ’
Output results
e "ﬂ‘fﬂﬂ
_ g Lk A)
' | &

AT 3.2 SuneudE TFRIM-DS

ata stream

3.2.1. Gaanned uazmafianisunuiitnludnianiaas (Bit-vector and the
technique for reusing on bit of bit-vector)

u Y9t Iannmesgnuszgndldlunsdumsuuuuiiusnguesangiudeyaseis
unsvane (Dong & Hun, 2007; Song et al., 2008) Imﬂﬁmnmm%ﬁﬁm sgnlddmsudaiv
G?J’a;gjam'ﬁﬂsﬁﬂﬁumaawmwmwﬁm fidadannnesarusznoumedadvosdniineilosiu
WARLLEASIYNITINUIUVBITALINABDSILVIAY w TR (WNAUTIUIUYDIVDULINNITNANTEN,
w) anedwmesiildsmiusionis x 91618y BV = {by, by, bs, ..., b, } usay bj € BV* i
wanslidiudeinunuusndunisynngfulumhdenisinsanesmens x 7 j© Tae
Folugdudt jth aglddmiudafudeyamsusngiureseasenistug fiasusngviolsl
Usinglunsuusndud jt 5’1Lszimflaﬂflsﬁ?uerth']ﬂgiumml,tﬁnﬂ%’u ™ agvilitaluddud
jth agdiandu 1 uwilumenduiu fuemsonisiug liusnglunsuwsndu jt agvilide

Tugndui jth azfiaudu o

2081971 3.5 grudoyasiens ds, Msznavludae 20 nsuuan sy (Suandlunini 3.3)
YUINYBIYBULYANITNIITUUYIAY 16 YI9Y8INITUIT18715IUgINTRYaTIeNIT ds, ¢
U5 AOITAUIINNTIVLTNTUT s, L, ., tpo TUTUNTINUINTUTUTINGA 1A TY
giudoyasients tofersa1ensients «a Ausinglunsivuanfudi
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ts, te ty, to tin b1z tis WAE tg AIUGIAY UALINIADIYDIIYNTIENIT “a’ AD
{11101001, 10110000} FeaggnimAuituavgudude BV = {233,176}

ds) dsp

tid setofitems tid setofitems  tid set of items
1 a,e I1 e 1 avcef
2 d,ef 12 a,bd 2 def

3 ad 13 a,b,c,d 3 ¢f

4 c,ef 14 e, f 4 acf

5 ab,d,e 15 ab,df 5 acef
6 a,b,d 16 a,b,c,d

7 a,b,c 17 e

8 e 18 d,f

9 ab,df 19 ¢

10 b,c,d 20 b,c,d, e

A9 3.3 gudeyanseuanuszneuluiie 2 yateya DS = {ds,, ds,}

Wedldayanseuaidnunlni ds; Uanwasluyalsnizgnavesnuidiu uaggn

Ao a ca v 1 ¥ a
LL‘VI‘LWIGYJ‘UG]L'?JﬂLG]E)TV]LSZJTLI"IIMM"UWﬂﬁ’m%@iﬂﬁﬂi%uﬁﬂ dsg

06197 3.6 Toyanszuaiid il ds, Msznauludae 5 nruwensy (Fuandlunmi
3.3) YoULIANITNOITIYEY ds; DLUSUIINNTIUMTATUT trg, try, ., tao UAY ds, 9245Y
VINNTIUBTNTUT ty, ty, o, b G 5 TausnveusnsIenis sa Ao *11101° AARdu
Tumsruuentiuil ts — to 9xgnavesnan BV® uazunuiiaae <10011- Andulunsiuuen
Fui t, — ts 990 ds, Sy BVS vegnammnlviiy {153,176} Quskvuiavgivaasasls
1y {10011001,10110000})

nNsETanNRes MlaunsarumduILase () 284nsUTINgLaInNnIs
Huiunudsfeglugavesdannmesniainiu 1 lnedwauisildlunsdiaiuiannees

VBITYMNT/ABATIN1INI I uvirivwunusendulugiudeya
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item | set of itd containing item "a"

a 1,4,5,8,9,11, 12

Bit-Vactor 153 176

v v
{10011001, 10110000}

AN 3.4 F19819990RNADS VOIIRIIENNS “a”

mnnslitannneslunisdafudeyanisunngiuvesmenis/wnsenimieg
Vo, B. kagamz (Vo, B, Lazamg, 2012) Idauenisdudiatuayuaindnianinesii
UszAnSam fideagsinisinnsandeyanisusngignussseglundazluduesdnnnines
Tnethusludludnanmeasuniinis look up Tu ans19 Look-Up Table @auandlunini 3.5)

wauAuTIUTIduAaiuayuYeIsIBN UL

2981971 3.6 19AT18M7 ‘@’ Usinglugrudeyaiisznaudae 16 nsiuusntusanIng 3.4
Z@f/Ui?ﬁgZuws?quszfn?"f’uﬁ ty ty ts tgtotiy HAY ty, Lﬁaﬁ7n7m"7mnmﬁm?’uayuwkﬁﬁu
$9 = Look —up(153) + Look —up(176) = 4 + 3 = 7 4 ulA 1M 1a0uayu v 14en 5189017 ‘@
WAy 7

Index Support

0000 0000 < [0] 0
0000 0001 < [1] 1
0000 0010 < 2] 1
0000 0011 < 3] 2
0000 0100 < [4] 1
0000 0101 < [5] 2
0000 0110 < [6] 2
0000 0111 < [7] 3
0000 1000 < 8] 1
1001 1001 <——[153] 4

1011 0000 < [176] 3

1111 1111 =< [255] 8

AN 3.5 1979 Look-up Table
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3.2.2 YunaU3s TFRIM-DS

3.2.2.1 m'ia%'waashaawmswmnmzmsi’fmﬁuwmwmsﬁﬂmngﬁu’lu
Fudayanszud

Tudumouwsn Updating itemList azsinnsadnedas (Senin itemList) wioldlunns
FoAusensuazteyaiidriy Tnoudazandnvesdadasltifudoyadmiumeniamiag 7
FeazUsznousie

1. 518015 (0)

2. TANNABSYRISIENTT i (BVY)

3. ANATUAYUYRITIBNTT § ()

4. mAuEENeYRIIENS i (1)

5. wmaLawmmmmmﬁuqmﬁﬂaﬁiwms i U31n9) (loh)

mﬂﬁ?ua]zﬁﬁmimwaauﬁ’lmum’mLLszmsffuﬁLug’m%gammmdﬂﬁmﬁaﬂﬂdm%
WINAUIRIAYEINTIAN (VO UAYBINITRANTUMIIUMINTUAING IUTBYANTEIE, w) InsuUs
Sevlunsinnsanesndu 2 nsdised

1. 51”1@3”1'14’314‘1/13'mLL%ﬂ%’uﬁgmmiugmsﬁa%amzLLa (IDS]) HeBNINNIBVNNUIUINVDS
W69 (VOULAVBINITRATUINTIULENTUAINg I ToYANTEUA, W) Funaus Updating
itemList 92¥1N1N13AMMUATOULIANITIAITUIMIULINTUIINGWToYaNTE I Tnevaulnd
funzsuinsuLsnFuLsn

2. 5’]??’]‘14’314‘1/15?‘14LL%ﬂ%juﬁgﬁﬁmﬂiugﬁusﬁaﬁdaﬂ%LL?{ (IDS]) INNINVUINVDINUIANE W
Juneuds Updating itemList 2YINTNMUATBUUANTITAATU M TN FUIINgUToYa

nszsawintunsuwenduluaisun w lagduaind1eving (@unsauialaann [ps,| —w + 1)

dovhmsfinsunveuinveansfinnsumsusenduaiadu TFRIM-DS agviins
s1uteyangrudeyanszuaiiaznsuusndu (assrunuuiSesdidu) Taedleviniseu
NN ¢, Mntuaginsfinnsautarsenis i; fUsnglunsuusndy ¢, wdwh
nsdmandayaly itemList el

1. YNANSOWAN BVE A8 UUNELEUNITIULENTY p

2. dhmsiiiusauayuresens s/ 3u 1 M

3. Y1IIN1TDNANAIAINALVALDVDITIENTT 77/ AI8N1TMTIVADUITLEENNUDINIT
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Uiﬂﬂﬁuﬁuaqiwmi ij ﬁ]’]ﬂﬂ%ﬂﬁ?i‘jﬂ (@nsadwIalean v = max(ri, qi - o))
4. vmsdaiumneiaunsruienduaaniiisenis ; Usng (ol = q)
dlovhmsfinsundeyalundazvsuuesnduangiudeyanseuaiaiafiu TFRIM-DS
agvinsAuamAIANaiLatevewns1ens i Tu itemList (@vfusienig i nilaq
anunsadmanAaaiauelay i = max(r, IDS| - lof)) HANAIMANLANDYDITIBNIS i
fAnmnndAdautseuaiiauefigldtinun sensduaggnimualiidu “s1ennsd

Usingluiasiniaue (irregular items)” anduludunoudaying agiin1sisesdInusIenIsiu

itemList auaduayulaeiSeaduanuniumdey (Faanslunini 3.6)

Algorithm 1 Updating-itemList

Input: dsg = {t1.t2,....t14e,}, O, w, k
QOutput: A list named itemList containing all of single items
with their occurrence information in the current window

create itemList

1:

2: create an entry for each item i; € I in the itemList
3: if |dsy| < w then

4 p=1

5: else

6: p=ldsg| —w+1

7: for each transaction t, € dsg (start from t, to f|4,,) do
8  for each item i; € ¢, do

9: §4 4 gt + 1

10: ri «— maz(r'i,q — lo')

11: BVR' < BVRY Ugq

12: lo' «+ q

13: for each item i; € ifemList do

14: 1% + max(r,|dsy| — lo%)

15:  if r% > o, then

16: mark i; as an irregular item

.
=

. sort itemList by support descending order

AWl 3.6 Funawds Updating itemList

3.2.2.2. MsAumzuluuiusinguesiadudulsniassngagneainige

& aal L. ° Y Aa o \ a
VUNBUIG !\/\mmg results QS'V]']ﬂqiﬂquzﬂLLU‘UVl@JQ']u’JUT]EJﬂ'ﬁlJ']ﬂﬂ']'] 1 978A19 N

(3

Fausngswiuleswazadiane lngn15vin9uazsuINNITas19dad Msendn top-k list

971 itemList Aia519TuaINTURBUNBURN Inedl itemList E318n1359gnszyIndusienisi

9

Usangaiaus (regular item) WWuduaunInnu3ewingy k 9unauds Mining results 3¢
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1 Y

yhnsidensensfivsngasiase Alaatuayugaan k Sduusnuniulifuauninves
top-k list IngsinisdafiunuuBesdduainaatuayuainuinlutes a1ntuagriinig
svualviratiuayy sk Wdawinfuaatuayuesonsludiui k ilelddmivanneu
U3gflantug (e &1 itemList S51urusensiignszyindusienisiiusngasaue
Younin k 519113 Juneuia Mining results szvhmsdafiuensemsianaromalsly
Juaundnues top-k list Ingynmsdaiivwuuisssdduanaativayuanunliuieeguiv)

Tumsumguuuuiiusnngsuiutesuazasiaueazyinisfiasaudaziensions
x 1u top-k list andurhnsiiansanusazsens ¥ lu topk list (dsensients X = 1)
Tnefl §u9n518n19 X way ¥ & prefix items finfloufu (na1fie X waz Y 3518075
wifleuffy wAkAnATURNETIENITAATNEYIEY) Suruds Mining results agviin1TA
Wns18n13 X uae ¥ ddetuieaiaduensens 2 = x oy anthiaeriinisdumes
wndumvesI LN X uaz wavesauen Uil Y Using BVX A BYY) iiledum
WAYRINTIULENTT X uay ¥ Usingiauiu uwagvininfulily Bv? #daagsinlianunse
AmnumaiuayuLazAAuamitanevesens Z I lngndsanynisdumeflanduudn
dauaiianevesensenis Z dandesnividewinduadautsnnuainate wazan
atfuayuYeLens18n1g Z TA1nninAaTuaYUYenIIEn1TEWUR K Tu top-k list
Funewdd Mining-results azvinisivunliansionislugisuit k lddunadnsuazavin
s18m5hudduTl k 9anan top-k list f\]’mﬁlu%w/‘f’]ﬂﬁa%’]\‘]ﬂﬁ{f@LﬁUSZ’JJ@;JUaleE)\‘IL“UGﬁ’]EJﬂ’ﬁ Z
waztiing1enns Z Wl topk List (Wislaei3esddunueatuayuainannluidos) (s
uandlunmi 3.7)

NAIINYIINITRAITUNN AV UYATIBNTIU top-k list ke L519elalensienis k
seMsAUsIngUesuazasiiategnusseglu topk list Msanansadesielifuiniinse

Toyariornisasinsmvisernsasgiiiudiueinge 1o
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Algorithm 2 Mining-results

Input: itemlList, k, o
Output: rop-k list

top-k list = t1,12, ..., where i1,4,..., 4 € itemList
s* < s% where K is the k' itemset in the rop-k list
for each entry of X = {i,,...,i, 1.} in top-k list do
for each entry of Y = {ig,... 4., i} in top-k list do
ifia....,ib =id,....ie then
Z+— XUY
BVZ « BVX N BV
sZ « support(BVZ) and % <« regularity(BV?)
if r? <o, and sZ > s* then
top-k list < top-k list — K
top-k list < top-k list+ Z
s* « s where K is the current k*" itemset in

the rop-k list

—_
mReeR ey

—_
34

AT 3.7 TUROUID Mining results

3.2.2.3 M3 itemList tilaaudayaiilisinnnuddyeenainnisiansan

Sotoyanszuatinsdwian (Gonin Teyanszudlvl annsaileuunude ds, Teaz
yanedstoyanszuaiifinnsdmanluadeil d) funeuds Eliminating occurrence information
wyhmsaudeyansrensiigniaivlu top-k list 8en uazvinsendnnsszyENsTign
¥y “Lezjmwsjmﬁﬁﬂimghjaﬁ%aua” 280 Lﬁaamm%mwmiﬁLﬁ’fJuLszimwsmﬁﬁUmﬂgM
adnaueornduensensiumngainaueidefinsdeuntisanisfiansun Wednns
Wt urmsukenduiideniinsfinnsan idssiliviswesnsiasanmsuusndus
mswasuulas Inenmsiansandeyanszuaiigndnanazsesauniunanduiifignfiansan
A1AULING 98NAINNITHINTN Pnthnsiianusenduiiiinssmanlugmihsaes
NSNANTUINTIULTNTU

Imamsé’wmeuaﬁauuaﬂszl,l,aﬂ%y’wﬁqS] 1519ENTUER UNI N TY |ds,| TiFeq
R1n1sRe1suiudy Agasaruisandenisiiansauieendu 2 nsdl il

1. fduunsussndulugiudeyanseualna (|dsql) F3u3uunnImsemic
UMD IMEIR1S w TuneuIS Eliminating occurrence information 9511n1531@A A
nwesly itemList sravualdiandu 0

2. 5’]5’]1&3‘14‘1/1SWULL%ﬂﬁuﬁgﬂﬁuﬂiugﬁu%}amﬂaﬂi%LLﬂ dsg (Jdsg]) H31uULDEN VLA
Y9MTANe w TuRoUa Eliminating occurrence information a8¥nM331@n dsy WSNT8T

Tmanweslu itemList Tiliadu 0 wasdayanisusingiuremsuwenduludiuiindest
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Ty itemList aggnAIMMIAIaTUAYLLAZAIANNAT AN INA NTUTNNITENANTD
yaAatuayuwazAadaleveusaren1sasty itemList (Askanslunini 3.8)
wasnavdeyanlufinuddyeanain itemList i@Sdundqludunouseluas

AMRUNNTTNIUTUNDUN 1 WAL 2 ANUATNU

Algorithm 3 Eliminating-occurrence-information

Input: dsg = {t1,t2,. .., tj4s,|}> Or» W, k, top-k list, itemList
Qutput: itemList, top-k list

top-k list + ()
for each irregular item i; € itemList do
unmark i
if |ds4| > w then
for each item ¢; € itemList do
reset all bits in BV* to be 0
else
for each item ¢; € iremList do
reset the first |ds,| bits in BVY to be 0
s% < support(BV') and r'i < regularity(BV*)
if r' > o, then
mark ¢; as an irregular item

- =
SoX e M e By

_.
8]

AT 3.8 TuRoUIS Eliminating occurrence information

2081971 3.7 Fviualidoyanssua DS = (dsy, ds,} ¥09g7UT0YATIINIT &1 HI99877 1,
Am::ﬁzf'ammﬁ' t, sauanslunni 3.3, n°7wum?ﬁ°z/am/@f775ﬁmm7 w = 16, AITAUVIAIN
ainaue o, =3 mg@7mumww/1mmmmuw7 k = 6 Sunou3s TFRIM-DS azvinisas
/temL/st Alwnsien15ianun 6 s1en15isEnaulusags1en13 {a,b,c,d, e} haz {f}
vmiurinasiersatoyanssua ds, Idvuramindy 20 nruuendy Feilaurnlngnds
voutyansA9sainualy duiunisitersansienisen ds, Faunsauanldon
lds;| - W +1=20-16+1=5 Safunsioranmsuuansily ds; VL5UDINNTIUULYN
T ts IAUBmMTIUINTUT tyy TezTISUMIT NI TR Y ds, FTavum 16 57U
UINFUIM ds,

oMUz sausazns e sulaeisunnmsuLendud t fsznauly
AI8318n75 {a, b, d, e} uaaiinIsvmiudeyaadly itemList lngviinisemanaraduayuyed
wm518017 57,50, s¢ Uay s¢ DRIAwIAY 1, madvayuveusnsienIs v, b, r uay re I
TAwiAy 1, mneaemsuusnsuganeien 10155100 o2 lo®, lo® uaz lo® 1vila7
Wiy 1 (was1en15YsIngaseglusumimsiuuensuusnveamingeiorsan) uazdn
LNweTYeuInTIENIT BVS, BV, BVY yay BV 1vdanyiiy (128, 0} suandlunini 3.9
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1|s|rlls BV

a 1|11 {128,0} » {10000000 00000000}
b1 |11 {128,0}

cl-1|-1]-11{0,0} » {00000000 00000000}
di 1]1]1]{128,0}

e 1|1 |1 {128,0}

fl-1-1-1140,0}

AN 3.9 itemList ¥AIAINBUTBYANTIULBNTUN t5 21N dsy

ITUTINITNRIS NI TIINITTINT UL TUT te, .ty 970 dsy ASYINIT
swandoyaadly itemList AmtuneuiingTuduIUATUYIMTIUENTY (odniudoya
ASUNSIUENTULE 9100 MTT 3.10 exuiuldi1578ms -f- gaseylidu “lens1en1sising
limsiuaue” iosandmmivayy rf ity 6 Gadrminnadaueadvayy o, A
iy 3 Tudumeugniinevesduneu Updating itemList 9xvimn 51389 19us18m 1978
auvayuaInunlvley (Fouamalunnii 3.10)

i|s r|ls BV

b [1172[16/{237, 181} > {11101101 10110101}

d |10/ 3 |16/{205, 181}~

a|9|3 |14 {233,180} > (11101001 10110100}
8 37 147y > 100100101 10010111}

Ol Ao 2T, 110010010 01001001}

¢ |6 316 1{144,73; 7 HIVIOOION

s o 1hor| |- {00001001 01100100}

£1506(1449.1000 "y

A9 3.10 itemList NSNS IUTOYANTIWLBNTUN t5 — ty9 9N ds;

founlutunau3s Mining results 518m15 b, d, *a, ‘¢ Uas e St 5 918075
usnintusiensiusng el itemList axgnitugTuly top-k list uazi3esarduaIna
guvayuenInlvioy (Fuandlunimi 3.11) 99nturiinisiersanensienIsida
FUVAYUGIGAFDITINITUINIIN top-k list Aa LimT1en15 b UaxTATIZNTS d (ltae
wmsIemsuimssugiueslfiuensiens ba vindudaamass BVP uas BV 9xii
msdumesiontusuiosaamaiuayureasns1ens sb4 = 10, AIAas nANE YIS
598075 P4 = 3 UazUpInine TYeuen 18015 BVPE = {208,181} 9INa 16U (99518077
‘bd 9xgnInAvasly top-k list ileeainarrauasiiareveasasIEnIs rvd dahiuede
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UUNAINFNNAND UAasTIVIUEANTIINTTTUTIN UaeuarUsngaeadnauadiniivioe
nIemElEnmuali (Fauanelunin 3.12)

omihuimsitnrsanensiensudiiuieuie lwasens b uazensIenIs a
Worhaeasasienisunimssugivesdifumnsients -ba vndudannmes BV uay
BV 950 58umasionsusuiiofuiamiatuayuyeusnsIgnis sbe = 9, A1AN
ailnaueve T TI8n1T 0 = 3 uardninimesyesens18n15 BVPe = (233,180}
AIWEIRY 19N518075 ba 9xgnIaiuasly top-k lst tavainAInuas narevesn
598075 b dAwiAumTauvniua e uaKENTIINS e NAYEINIIN top-k list
ilosnindmauayuAua s i

omimsivIsanens1enluddudonIiduuin 3 1901549 1951877
'bd UazwATI9NT5 ba loFeuTn 1N I5NINITTUGR UL IF I Tuem 19775 bda
omdudanmes BYPe uay BYP® 9sviin1sBumesiontuiiuies aneaiuayuvesion
598775 sb9 = 8, AIAIWANUANBVOUTATIONIT TP = 3 UAYTALINADTYDUTATIEN T
BVb4e = (210,180} #7a18V 49398075 "bda 9£gniniuadlu top-k list i9999nAIA Y
aaNeveen TIN5 rhie Fawviiiumdauvenuasinae uazmaivayy sbe da
wiivmasuayulussugaely top-k st iWearsansunsuyaguasensIenIsiu top-k
list ud291AHaaWSH M 3.13

—
w2

rls BV .. Yop-klist
b |11]2 |16 {237, 181} |

9|3 |14] {233, 180}
c |83 16| {37,147}
e |6|3]16| {144,73}
f15]6 14 {9,100} = Mark

A7 3.11 n3a519 top-k list dmSudaivnadns
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Top-k list

( b ) d ti

s=11,r=2, | p|5=10,1r=3, e $=10,r=3, .
\BV= {237, 181}) \BV= {205, 181}/ BV = {205, 181} ‘

4 M

-

c e a
s=8,r=3, <+ 5=6,r=3, s=9,r=3,
\BV= {37,147} ) BV = {144, 73} BV = {233, 180})
A

AN 3.12 NMITUALLATIONTS b ULaslgnTIenT d" Wasliuens1enis -bd- 1y top-k list

Top-k list
b d bd
s=11,r=2, —»|s=10,r=3, L » 5=10,r=3,

BV ={237,181}  |BV={205,181}| BV = {205,181}

bda
s=8,r=3,
BV = {201, 180}

t

ba a
s=9,r=3, - s=9,r=3,
BV = {233,180} BV = {233, 180}

AW 3.13 top-k list ¥a999nNITAUMFULUUTUTING VoeuazainauoInnIiuanuy
ts - tzo 5777f7 dSl

Wotoyanszuaininiiuivvemsmuesntuiowinisiersan (Fuandlunini
3.3) igeasvilimbaenisAIsamsuenFuiinisiaeuuyaslunisiiorsandayasin
ds, Funouss Eliminating occurrence information 9¢915041904a ds, fusenauludae
PIAUNTIUTATUAIANR 5 NIWUINTY SOTuns1entiuge ds, HITIWIUNTIUMTATY
sranunIty 5 NIIUUTATUILYNTINTIFUNTIUNTN TUYEY ds; TTTINIUNTINUTATY
WY 11 NIUMTATY KanouTIe IS nensI8nI1ve9 ds, 928e9InNIseman 5 U9
wsniturnglulususadanmesTu itemList T9iawrAY “00000” amuvimIse1uInie
auuay usrAn N IaNe Y NINTI8N13TY itemList (AauanslunIwg 3.14) 991y
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Abstract—Frequent-regular itemset mining has achieved a
great attention and applied in several applications. In this
framework, an itemset that frequently and regularly occurs
in a database is identified as interesting. However, without
prior knowledge, the setting appropriate support and regularity
thresholds to measure interestingness of itemsets is quite difficult.
This may lead to none, only few or overwhelm of generated results
causing users cannot further take advantages from these itemsets.
In addition, mining interesting itemsets over data streams is a
challenging task on various domains. Therefore, to cope with
these issues, we here propose an approach to mine top-k frequent-
regular itemsets over data streams. To mine such itemsets, the
concept of sliding window is applied in which recent occurrences
are considered to be more important than the former occurrences.
An efficient single-pass algorithm, called TFRIM-DS, is also
introduced to mine a set of %k itemsets that regularly occur
and have highest support in the current considered window.
In addition, a bit-vector with a reuse technique is applied and
designed to efficiently maintain occurrence information of each
itemset. Experiments were conducted and showed efficiency of
our proposed TFRIM-DS to mine top-k frequent-regular itemsets
over sliding window of data streams.

Keywords—Frequent patterns, Regular patterns, top-k patterns,
Bit-vector, Data stream;

I. INTRODUCTION

Recently, mining interesting itemsets over a data stream
becomes an attractive research topic in data mining commu-
nity. This can be applied in a wide range of applications
such as traffic analysis, web click stream analysis, network
intrusion detection, network traffic analysis, telecommunica-
tion call records analysis, mobile commerce analysis, etc. In
real-world applications, a data stream is a continuous sequence
of data having high arrival rate, huge volume of incoming
data, changing on characteristics of data and so on. With these
properties, mining interesting itemsets over a data stream is
a highly complex and challenging task and the traditional
algorithms based on the variation of Apriori [1], FP-growth [2]
and ECLAT [3] algorithms cannot efficiently discover inter-
esting itemsets over a data stream. Thus, there are various
approaches focusing on increasing computational performance
and designing measures to get different kind of itemsets (to get
different and alternative knowledge) from mining interesting
itemsets over a data stream.

Currently, frequent-regular itemset mining (FRIM) [4] has
achieved a great attention and applied in several applications.
In this approach, a support and a regularity thresholds are

978-1-5386-4804-9/18/$31.00 @2018 IEEE

given from users to measure interestingness of itemsets. Then,
an itemset that frequently and regularly occurs in a database
(i.e. occur more frequent and more regular than the user-given
support and regularity thresholds) is identified as an interesting
itemset. Since the great interest of FRIM, FRIM has several
extensions such as mining itemsets with approximate regularity
(periodic) of occurrence [5], [6], mining (frequent) regular
itemsets from incremental database (data stream) [7], [8],
mining regular closed itemsets [9], mining chronic-frequent
itemsets [10], mining high-utility regular itemsets [11], etc.

However, without prior knowledge, the users may suffer
from the setting appropriate support and regularity thresholds
leading to the situation about none, only few or overwhelm
of results generated. These situations makes users cannot
further take advantages from these itemsets. Therefore, to cope
with this issue, the task of top-k frequent-regular itemsets
mining over a transactional database (TFRIM) [12], [13],
[14] is then introduced to control the number of generated
results. However, the input database TFRIM usually contains a
static number of transactions causing TFRIM cannot efficiently
discover the itemsets from dynamic database. Moreover, to the
best of our knowledge, there is no train of thought to discover
top-k frequent-regular itemsets over a data stream and there is
a room to develop efficient methods for this approach.

Thus, in this paper, we here introduce a new single-pass
algorithm, called TFRIM-DS (Top-k Frequent-Regular Itemsets
Miner over Data Streams), to discover a set of k itemsets
that regularly occur and have highest support in the current
data stream. The concept of sliding window is applied to
scope constant amount of recent transactions where the recent
occurrences are considered to be more important than the
former occurrences. Moreover, the bit-vector structure and
a technique for reusing bits of bit-vector are applied and
designed to efficiently maintain occurrence information of
each item/itemset and to increase computational performance.
Experiments were conducted on benchmark datasets to observe
efficiency of TFRIM-DS and the results show that TFRIM-DS
can efficient in both computational time and memory usage
based on variations of parameter setting.

II. PROBLEM DEFINITION

Let [ = {i1,i2,...,i,} be a finite set of items. A set
X C I is a set of items or a k-itemset if X has k items. A
data stream DS = {dsi,ds2,...} is a infinite set of batches
of transactions. In DS, each batch dsq = {t1,t2,..., %45, }
contains a sequence of transactions. Each transaction t; € dsq
is a tuple of (4,Y) where j is a unique transaction identifier



(also called tid) and Y C I is a set of items occurs in the
transaction ¢;. If X C Y, it then can be inferred that X occurs
in t; or t; contains X. For an itemset X, there is an associated
set of ordered tids of transactions in DS containing X, defined

as TX = {p, ..., q}. The support of X expresses the frequency
of occurrence of X, denoted as sX = |TX|. The regularity
of X, rX = max(fr™,reX,. .., X, 1Y), is the maximum

consecutive transactions that X does not occur in database,
where fr~ = p — o is the number of transactions from the
first transaction £, of the current consider window to the first
occurrence of X in the transaction ¢,, each rtUX = v —u 1S the
number of transactions between two consecutive occurrences
of X in transactions ¢, and t,, and IrX = w— q is the number
of transaction from the last occurrence of X in the transaction
tq to the end of window w, respectively.

Given a data stream DS = {dsy,dss,...}, a number of
user-required results k, a regularity threshold o, and a size
of window w. The top-k frequent-regular itemsets mining is
to discover k itemsets having highest support and regular
occurrence in the latest window.

III. PROPOSED METHOD

In this section, we here describe the concept of the bit-
vector used for maintaining occurrence information of each
item/itemset and then introduce all details of TFRIM-DS
algorithm. Lastly, for the sake of understanding, an example
of TFRIM-DS on a data stream is given, respectively.

A. Bit-vector and the technique for reusing on bits of bit-vector

In itemset mining, a bit-vector is commonly used for
maintaining occurrence information of each item/itemset. For
an itemset X, its bit-vector is a sequence of w bits (of
window size w) used for maintaining tid of transactions in the
window containing X, denoted as BVX = {by,bs,..., by}
Each bit b; € BVX indicates the occurrence of X in the
4t transaction of the current considered window where b;
is 1 if X occur in the j’h transaction, otherwise, b; is 0,
respectively. For example, from the transactional database of
ds; containing 20 transactions as in Fig. 1 and the size of
window is set to be 16, the gap of occurrence of each item
to be considered is ts,tg,...,t20. Based on the above gap,
the item ‘a’ occurs in transactions ts, tg, t7, to, t12, t13, t15 and
t16, respectively. Then, the bit-vector of ‘a’ can be defined as
BV* = {174,153} (can be viewed as bytes of binary numerical
system as {11100001, 10110000}).

dsg dsy
tid | set of items | tid | set of items | | tid | set of items
1 a,e 11| e 1 |ace,f
2 d,e, f 12 a,b,d 2 | de,f
3 a,d 13 a,b,c,d 3 ¢ f
4 \c,e,f 14| e f 4 |acf
5 'a,b,d, e 15 ab,d,f 5 |ace f
6 ab,d 16 | a b,c,d
7 'a,b,c 17 | e
8 e 18 d,f
9 la,b,d,f 19 ¢
10 |b,c,d 20| b,c,d, e

Fig. 1: A data stream DS = {ds;,ds2} containing two batches

With the new coming data stream dsg, some of first bits in
bit-vector of an itemset will be removed and new bits for the
new coming transactions will be inserted. For example, with
the new coming of dsy containing five transactions, the gap of
transactions to be considered will change to be t19, t11, ..., t20
of ds; followed by t¢1,%5...,t5 of dso. Therefore, for the
item ‘a’, the first five bits ie. ‘11100’ for its occurrence
between transactions t5 — tg of ds; is removed from BV“.
In addition, the new five bits i.e. ‘10011° for its occurrence
between transactions ¢; — t5 of ds, is inserted at tail of BV®.
However, to reduce the cost of removing and insertion of bits
in bit vectors, the reusing method is designed and applied. With
the reusing method, the first five bits of ‘11100 is replaced
by the new five bits ‘10011°. Thus, the BV® is updated to be
{153,176} (i.e. {10011001,10110000} in binary numerical
system) in which the first five bits is for the occurrence of
‘a’ in ty,ts,...,t5 of dso and the remaining bits is for the
occurrence of ‘a’ in t19,%11,...,t20 of dsi, respectively.

B. TFRIM-DS algorithm

As shown in Fig. 2, transactions of ds; in the current
considered window is sequentially read in order to main-
tain occurrence information of each item (called this step
as Updating-itemList). Then, the step of Mining-results is
executed to find the complete set of results from the cur-
rent window and then maintained in the top-k list. On the
other hand, for the next batch, the out-of-scope occurrence
information (i.e. the occurrence in transactions that are not
in the considered window) of items in the itemList and top-k
list are then eliminated (also called this step as Eliminating-
occurrence-information). Then, the Updating-itemList and the
Mining-results are then performed.

Algo. 1 gives all details on Updating-itemList step. For the
first data stream dsq, a simple list called itemList is created
with entries of items to be considered. But for other data
streams, it is no need to create the ifemList since the list is
already created from the first data stream. Next, the number of
transactions in the new coming data stream dsy (i.e. |dsq|) is
checked up with the user-given window size w. If |ds4] is not
greater than w, the Updating-itemList will start to consider
from the first transaction of ds;. Otherwise, it will start to
at the p'" transaction (i.e. p = |ds4| — w + 1) of ds4. Each
transaction t,, € dsy is sequentially read and each item i; € ¢,
is considered. The support s% is increased by 1. The regularity
r' is updated by r% < maxz(r'i,q — l0%). The bit-vector
BV% and the last occurrence lo% are updated by tid p of
tp. After scanning all transactions, each item i; € itemList
is then considered again. The regularity 7% is thus updated
by 7% < max(r¥,|dsg| — l0%). Last, if 7% is greater than
the user-given regularity threshold o, the item 4; is thus
identified and marked as an irregular item. Then, ¢; and all
of its supersets are then ignored from the computation. Last,
items in the ifemList is sorted by descending of support.

The “Mining results” is executed to mine the complete set
of top-k frequent-regular itemsets (see Algo. 2). The top-k list
is first initialized. Then, the first k& entries of the itemList (i.e.
the & items having highest support and regular occurrence) are
copied and inserted into the fop-k list by support descending
order. The support s* is set to be equal to the support s’
(where the itemset K is the k** itemset in the top-k list)
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Fig. 2: Process of mining top-k frequent-regular itemsets from
data streams

Mining Results

Algorithm 1 Updating-itemList

Input: dsq = {t1,t2,... ,tjgs, }> Or, w, k
Output: A list named itemList containing all of single items
with their occurrence information in the current window

create itemList
create an entry for each item i; € I in the itemlList
if |dsq| < w then
p=1
else
p=|dsq| —w+1
for each transaction ¢, € dsq (start from ¢, to t4,,) do
for each item ¢; € t do
s ¢ s% 41
10: ' maz(r'i, q — lo%)
11: BVR' < BVR" Uq
12: lo% g
13: for each item i; € itemList do
140 19— max(r's, |dsq| — l0")
15.  if r% > o, then
16: mark 7; as an irregular item
17: sort itemList by support descending order

R A o

which can act as a support threshold to filter out candidate
itemsets that cannot be the £ itemsets with highest support and
regular occurrence (Note that if the top-k list contain less than
k itemsets, the support s¥ is set to be 0). Next, an entry with
an itemset X = {44, ...,%,1%.} in top-k list is considered and
merged with another itemset Y = {ig,...,%., i} having the
same prefix (i.e. i4,...,% = i4,...,%.) in order to generate
to be the itemset Z < X UY. Then, the bit-vector BVX and
BVY are then intersected and collected into BVZ. The support

Z and the regularity rZ are thus calculated from the BV? by
looking-up the look-up table (as in [14]). If the support sZ is
greater than the support s* and the regularity 72 is not greater
than the regularity threshold o, the itemset Z is thus identified
as a top-k frequent-regular itemset. Then, the itemset K (i.e.
the k' itemset with lowest support in the set of the top-k
frequent-regular itemsets) is eliminated from the top-k list. A
new entry for the itemset Z (with BVZ, s, r%) is created
and inserted into the top-k list by descending order of support.
Therefore, the support s” is re-assigned by the support of the
current k" itemset in the top-k list. The merging process is
repeatedly performed on all pairs of itemsets in the top-k list.
Last, we then get then complete set of top-k frequent-regular
itemsets contained in the top-k list.

Last, whenever a new data stream ds; (where d > 2)

Algorithm 2 Mining-results

Input: itemList, k, o,

Output: rop-k list
1: top-k list = 11,12, ...,1; wWhere i1,4o,...,1; € itemList
2. s* < s where K is the k' itemset in the top-k list
3. for each entry of X = {i,,...,ip,i.} in top-k list do

4:  for each entry of Y = {ig,..., i, i} in top-k list do
5 if ig,...,% =i4,...,1 then

6: Z+— XUY

7 BVZ « BVX nBVY

8 sZ « support(BV?) and rZ < regularity(BV?)
9: if rZ <o, and sZ > s* then

10: top-k list < top-k list — K

11: top-k list < top-k list + Z

12: s* « s where K is the current k*" itemset in

the rop-k list

Algorithm 3 Eliminating-occurrence-information

Input: dsg = {t1,t2,...,t|4s,(}> Or. W, k, top-k list, itemList
Output: itemlList, top-k list
1: top-k list < ()
2: for each irregular item ¢; € itemList do
3:  unmark ;
4: if |ds4| > w then
5. for each item i; € itemList do
6: reset all bits in BV"/ to be 0
7: else
8

for each item i; € itemList do
9: reset the first |dsq| bits in BV" to be 0 ‘
10: s% < support(BV*3) and r'i < regularity(BV")
11: if 7% > o, then
12: mark 4; as an irregular item

is coming, the process of Eliminating-occurrence-information
is performed to unmark all irregular items (marked from the
previous computation) and to remove unnecessary occurrence
information in bit-vectors of items from the itemList. First,
the top-k list is empty since we cannot guarantee that the top-
k frequent-regular itemsets from the current window will be
the top-k frequent-regular itemsets of the next window or not.
Then, each irregular item ¢; € itemList is unmarked. Then, the
number of transactions of dsy (i.e. |dsg| ) is considered. If |ds |
is more than the window size w, all of bits in each bit-vector
BV'i (where i; € itemList) is set to be all of Os. Otherwise,
only the first |dsy| bits is set to be all Os and the support s%
and the regularity 7% are then recalculated. If the regularity
rii is greater than the regularity threshold o, the item i; is
thus marked as an irregular item. At the end of Eliminating-
occurrence-information, the itemList contains all single items
with occurrence information under the scope of the window.

C. Example of TFRIM-DS

Given a data stream DS = {ds;,dsy} of transactional
databases at time ¢; and to as in Fig. 1, the size of window
w = 16, a regularity threshold o, = 3, and a value of
k = 6. TFRIM-DS will mine six itemsets regularly occurring
and having highest support in the latest 16 transactions of DS.



ifs|r|ls BV

al|l|1]1]{128,0} |—»{10000000 00000000}
b{1|1]|1][{128,0}

c|-1-|-11{0,0} —{00000000 00000000}
d|1|1]|1]{128,0}

e|l|1]1]{128,0}

f {0, 0}

Fig. 3: itemList after firstly scanning of transaction t5 of ds;

i|s|r]ls BV

b [11|2 [16[{237, 181}—>{11101101 10110101}

d [10[3 |16]{205, 181}

a |93 |14|{233, 180} > {11101001 10110100}
| {00100101 10010111}

z 2 g }2%?;;1§;i | _» {10010010 01001001}

(f[5]6]14[{9, 100} | <«— Mark

Fig. 4: itemList after scanning transaction t5 - tog of ds;

i|s]|rfls BV
16| {237, 181}

Top-k list

(on
\S}

14| {233, 180}
16| 137, 147
16( {144, 73}
14| {9.100} J&—— Mark

(@)
(@)}
O\ W W W

Fig. 5: Creating Top-k list
Top-k list

b d
s=11,r=2, s—]O r=3,
BV = {237, 181} = {205, 181}
s—8 r= 5—6 r=3,

= {37, 147} = {144, 73}

Fig. 6: Merging of ‘b’ and ‘d’ adn insertion of ‘bd’

s—lO r=
BV {205, 181}

s—9r3
= {233, 180}

Top-k list

b d
s=11,r=2, —»|s=10,r=3, 5710 r=
BV = {237, 181} BV = {205, 181} BV—{ZOS 181}
s—8r3 sf9r3 s—9r3
BV = {201, 180} BV = {233180} BV = {233, 180}

Fig. 7: Top-k list after mining of t5 — t2g of ds;

i|s]|rfls BV

b |72 [16] {5,181} |—»{00000101 10110101}
d|7(2]16] {2,181} |—»{00000101 10110101}
al|5|3|14] {1,180} |—»{00000001 10110100}
c|5]|3|16] {4, 147} |—»{00000100 10010011}
el4|3|16] {2,73} |[—»{00000010 01001001}
£14|3 14| {1,100} [—»{00000001 01100100}

Fig. 8: itemList after updating the first five bits of the first byte
in bit-vectors with ‘00000’

Top-k list

c f
s=9,r=3, s—9 ,r=3, s—8 ,r= 3
BV = {188, 147} = {249, 100} = {69, 181}
5—8 r=

c
s=7,r=3,
BV = {202,73}
Fig. 9: Top-k list after mining of t19 — tog of ds1 and 1 — t5
of ds,

First, the itemList for all of single items is created. As
the number of transactions contained in ds; is 20 which is
greater than the size of window (w = 16), then only latest 16
transactions of ds; are thus considered (i.e. the transactions
ts,t6,...,t20 Of ds1). Then, the transaction t5 = {a,b,d, e}
of ds; is firstly read and the item ‘a’, ‘0’, ‘d’ and ‘e’ are then
considered to update its essential information in the itemlList.
For example, as shown in Fig. 3, the support s%, s°, s? and s°
are set to be 1, the regularity ¢, r®, r% and r¢ are set to be 1,
the last occurrence lo%, 10°, lo? and lo® are also set to be 1 (i.e.
these items occur in the first transaction of the window) and
the bit-vector BV, BV®, BV and BV® are set to be {128,0}
(these vectors can be viewed in the binary numeral system as
{10000000, 00000000}). Noted that as the size of window is
set to be 16, each bit-vector of each item contains 2 bytes of 8
consecutive bits. Next, each transaction of tg, ..., 190 € ds; is
thus sequentailly scanned in the same manner as above. Then,
the item ‘f’ is thus marked as an irregular item and eliminated
from mining process since its regularity ' is greater than o,..
Last, all items in the ifemList are sorted in support descending
order as shown in Fig. 4.

BV—{129 180}

Next, the first unmarked 5 items in the top-k list, items
‘b, ‘d’, ‘a’, ‘¢’ and ‘e’, are thus copied and inserted into
the top-k list by descending order of support (as shown in
Fig. 5). Then, the item ‘b’ (the first item) in the top-k list is
first considered and sequentially merged with items ‘d’, ‘a’, ‘¢’
and ‘e’ in the top-k list. For the merging of the item ‘b’ and ‘d’
to generate itemset ‘bd’, the bit- vector BVb and BV? are thus
intersected to calculate the support s*? = 10, the regularity

rbd = 3, and to collect BV = {208, 181} respectively. Since
the regularity r°? is not greater than o, and the top-k list
currently contains only 5 itemsets (less than the value of k), the
itemset ‘bd’ is directly inserted into the top-k list by descending
order of support (see Fig. 6). The item b’ is thus merged with
a’, ‘¢’ and ‘e’ in the same manner as above (also for all of
items/itemsets in the top-k list). After considering and merging
on all items and itemsets in the top-k list, we gain the complete
set of top-k frequent-regular itemsets contained in the top-k list
as shown in Fig. 7.

With the new coming data stream dsy, the number of
transactions in ds; and dso to be considered is identified. Since
dso contains 5 transactions, then all of 5 transactions of dso
are then considered incorporated with latest 11 transactions
of ds;. However, before reading each transaction of dss, the
occurrence information of each item in the itemList is updated
by setting the first five bits in the first byte of each bit-vector to
be ‘00000” (Noted that to save computational time, this applies
the concept of reusing of bits in bit-vector instead of removing
the first five bits for transactions ts, tg, t7, ts, tg of ds1 and then
adding new five bits for transactions t1,to,t3,t4,t5 of dss).



The support and regularity of each item in the ifemList is also
recalculated (as shown in Fig. 8).

Next, all of steps as above are thus repeated to mine
the completed set of results i.e. (i) each transaction in dso
is sequentially read, (i7) irregular items are thus identified,
marked and eliminated from considering, (iii) top-k list is
emptied and six regular items with with highest support are
copied to the top-k list, and (iv) each item in the top-k list
is considered and merged with other items in the top-k list
to generate complete set of top-k frequent-regular itemsets,
respectively. After considering all of above steps, the itemList
and the top-k list are then contained information of items and
top-k frequent-regular itemsets as in Fig. 9.

IV. EXPERIMENTAL STUDIES

In this section, we here report experimental studies of the
proposed TFRIM-DS algorithm. To the best of our knowledge,
our approach is the first one on mining top-k frequent-regular
itemsets over a data stream. Thus, there is no comparative
studies with previous algorithms on mining of such itemsets.
However, we then conduct comparative studies between the
proposed TFRIM-DS and the RFPDS algorithm [15] for min-
ing frequent-regular itemsets from data streams using sliding
window technique. Since the aim of these two algorithms is
different, they then require dissimilar parameters i.e. TFRIM-
DS needs a regularity threshold o,, a number of required
results £ and a size of window w but RFPDS demands a
regularity threshold o,., a support threshold o, and a size of
window w, respectively. Based on this difference, we then set
the value of the support threshold s (required by RFPDS)
to be equal to support of the k' itemset with highest support
which causes these two algorithms can discover similar results.

Four well-known datasets from http://fimi.ua.ac.be/data/
with different characteristics, i.e. Chess, Mushroom, Retail
and TI10I4DI100K, are used in our experiments. Chess and
Mushroom are real dense datasets containing 3, 196 and 8, 124
transactions. Meanwhile, Retail is a real sparse dataset and
T10I14DI100K is a synthetic sparse dataset containing 88,162
and 100,000 transactions, respectively. The three parameters
are set in the same manner as in [8], [13], [14], i.e. the number
of required results k, the regularity threshold o,., and the size
of window w are set in range 10 — 10,000, 1% — 15% and
10% — 80% of total number of transactions, respectively.

Two experiments are conducted to investigate TFRIM-DS’s
computational time. As in Fig. 10, the computational time of
TFRIM-DS and RFPDS on a variation of regularity threshold
and a fixed of window size are observed. From the figure, the
runtime of both algorithms increase as the value of k (support
threshold) increases. With more results to be mined (higher
value of k or low support threshold), both algorithms need
more time to consider and mine results. Similarly, the runtime
of both algorithms also increase as the regularity threshold
increases. On high regularity threshold, there is a higher chance
that each item/itemset will meet the threshold and there are
more and more items/itemsets to be considered. Moreover,
it can be observed that TFRIM-DS is faster RFPDS in all
experiments. It is because TFRIM-DS can aviod repeating scan
data stream (expensive cost on computation) by scanning data
stream once. In addition, TFRIM-DS uses bit-vector with a new
reuse technique which can help to efficiently maintain essential

information. Thus, thanks to both strategies which can help
TFRIM-DS to save computational cost. Meanwhile, RFPDS
need to repeatedly scan data stream whenever the data stream
is updated and it does not use any efficient data structure to
hold essential information. On each updating of data stream,
RFPDS need to mine results from scratch.

Besides, Fig. 11 shows the computational time of both
algorithms on a variation of window size and a fixed regularity
threshold. From the figure, it can be seen that the runtime
of both algorithms increase as the size of window increases.
With the increasing of window size, the number of transactions
to be considered is increased. This causes both algorithms
need to send more time to read more transactions, to maintain
ore occurrence information and to intersect more tids during
mining process. In addition, TFRIM-DS significantly outper-
forms RFPDS in all experiments (Thanks to both strategies
mentioned above). From above, we can observe that the value
of regularity threshld, k, and size of window can affect to
increasing/decreasing of computational time.

To investigate on memory usage of both algorithms, ex-
periments based on a fixed value of regularity threshold to be
lowest value of each dataset (Noted that as the low value of
regularity threshold there are higher itemsets to be considered
which can help to see higher memory consumption), a variation
of window size and a variation of k are conducted. As shown in
Fig. 12, we can see that the memory usage of both algorithms
increase as the value of k increases. Obviously, higher value
of k (higher support threshold) causes both algorithms need
to maintain more candidate itemsets in memory during mining
process. Similarly, as the window size w increases, the memory
usage of both alogorithms are also increased. The reason is
that with higher w, both algorithms need to maintain more
occurrence information of each item/itemset. Last, it can be
observed that TFRIM-DS uses less than RFPDS since TFRIM-
DS can take an advantage from using of bit-vector to save
memory consumption.

V. CONCLUSION

In this paper, we have introduced an approach for min-
ing top-k frequent-regular itemsets from data streams. The
sliding window technique is applied to scope a set of recent
transactions to be considered. A single-pass algorithm named
TFRIM-DS is presented to efficiently discover such itemsets.
A bit-vector with a reuse of bit-vector technique is applied
and designed to efficiently maintain occurrence information of
each item/itemset during mining process. Experiments on real
and synthetic datsets were done to show that TFRIM-DS can
efficiently on both computational time and memory usage to
mine top-k frequent-regular itemsets from data streams.
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