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Research Title: Incremental Association Rule Discovery

Researcher: Associate Professor Dr.Worapoj Kreesuradej
Faculty: Faculty of Information Technology
ABSTRACT

The most important target of mining incremental association rule is rules
maintenance. Since new transactions are inserted into original database, the existing rules
may be change. How to maintain association rules with high performance and good
efficiency is the challenge for many researchers in this field. A lot of previous purposed
algorithms, researchers introduced techniques to reduce a number of times to scan
original database such as using infrequent itemsets, collects from original database, to
limit that scanning times. This paper presents a simple algorithm of an incremental
association mining rule. The algorithm needs only one scanning original database and
infrequent itemsets from a previous mining are not required. Furthermore, this purposed
algorithm guarantee that all frequent itemsets in an updated database are absolutely
detected.

Keywords: Incremental Association Rule Discovery, Association Rule Mining, Data Mining
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Ui
(Introduction)

1.1 inuazaudrdguasdeynn

%’agaLﬂuaaﬁﬂisnawﬁwaaiswwnﬂIuIaﬁawsaummmmﬂuw%’wmniﬁﬁmméﬁﬁmda
BIANTYNDIANT Imamwwuatiw?jﬂuﬂwﬁ'u?iaL'fJuaﬂﬁmﬂIuIaEia'liaumﬂﬁmmw%mtﬁuim
Mmigs ‘lm'muLﬂummmmuwaqmlnimmu‘uauawmmsnﬁmmwauammmmn‘lmmEJ
muwuﬁluuwamnun anmma‘[uiaaLLavmsmuamqq felunisiasie gUsvnanadayaduiy
wmatuldnielussezinasudy 'mnamns‘lﬂmmmuwauam’l%‘lﬂaam'smsau.a'"mﬂ
ﬂsv‘[wuaaaﬂaauaswmmlmﬂsau‘lumm«uwulmmaaﬂnsuu6] adndlsidl widnluilaqiy
mﬂIuIaEjmiamﬂwaumuma‘lwaaﬂnsmmmﬁmLmruauammumn‘lﬂamauﬂiuawﬁmw uel
am‘nms’lwsu‘lam'mmauauuwmmuaamnmamaunummwaua FavedAus (Knowledge)
anmfmaq‘lﬂﬂumﬂ‘ummm%uaa’lunamanamnma

wallamsviuvilestoya (Data Mining) mmaﬂiw"anndnﬁqdﬂ MIAUNIBIAAINSIY
ﬁ'lu‘tl'ema (Knowledge Discovery in Database: KDD) LUuns.,U'Jumsmnmm'lmwaﬂumsﬂLLUU
(pattern) mammauwuﬁwlumaﬂuwumnauwan%auaEJ‘Lu**uauaa]ﬂmuumma‘lﬂaamium
gﬂuuwaa&amuwumﬂan%ma‘lwaaﬂﬂimmsnaswmmlﬂLﬂsemlun'mm?m‘lm 919 M3
wadansviunileseyadiantislunisiasy wnauanﬂmunwmaqammi NI MUNNGY
anmmlﬂ'nummm’lumwaauﬂ'mmaqmmnmwsamaum wazmsinedsUiuuniste
dufvesgnaniudy

msﬁ'umﬂ;]mmé’uﬁ’ué (Association Rules Mining) dmuimadanddgyvaianives
msmmuawaua Imammumngmmauwum“LﬂunsumumsﬂumiuLmummauwuﬁwaa
Foyailiisadostuseningenisdieg mnﬂmnu‘lﬂumwaua mummauwuwlmmam
aanm’lusﬂmeaangmmauwuﬁ A -9 B davanudia gmanl B aziatundaniniiin
wan19ed A uda iﬂuwngmmauwuﬁmnanLﬂuwuﬂu‘luamnsﬁinamﬂanwuﬂmLﬂi'\ AT
'511u,uuwqmmmmsman%aumwmanm

mmumngmwauwuﬁﬂam‘tﬂa"munaumwumau 2 Fundn lmu,n 1) p1sAuna
large itemset mu‘lﬂjmawaqumqﬂ (minimum support threshold) iudriildlunsnsavasy
1 lewiunenlatheiiilonmaszidu Laree itemset 16 uaz 2) n1sas1engANAURUSIIN Large
itemset fivldandunsuiivi Iﬂﬂﬁ]ﬂ%’ﬁwmﬂm%ﬁ’uﬁﬁaﬂ (minimum confidence threshold)
'lun'rsm'maaumn{ﬂﬂmwmaa’lunamaqngwmau’lm wail Aatfuayuiige uagArmadesiy
ian Gldasdudiua

iuszauLLsnﬂmmsﬁ'umngmmé’uﬂ'ua’wL“flum'iﬁumng]mmél’uﬁ'uémaiﬁauuﬁgpu'jﬁ
grudeyaliiinisidguuvas (static  database) tudelifinisiiu au uieudladeyanielu
gudeya windlodiisiennumbuste ssamAvesgrudeyaiutnasiininiia au wazuflveg



maeALan (dynamic database) Faaeiinalif Large itemset Mimedunuiinsiasunamiunig
uhlugnudoya deduTssududestinisyse mawa%’auaﬁumu.aU’lmji"suﬁ’uLﬁ@lﬁngmmé’uﬁuﬁ‘ﬁ
n’nﬂsuﬂsﬂwummwuauaaamaamnm eehalsiinisussinanadeyaiuiuaslvaisaufuviil
auulaaa‘suavna'flum'iﬂs"mawaLﬂuamqmn
nniymdandniuduiinnvesnuidedunsifueesnisfunngauduiug
(incremental Mining on Association Rules) inengufnfusanasiiuiitisansyaziailuns
Ussanaguteyaldu %ﬂqnu‘i%’aaﬁuﬁwﬁ%auaé’ana%ﬁun'liﬁ'umn.gmmﬁ'uﬁ'uﬁ'uwLﬁ'mmaﬁ
anszyzanlunmsUsnnanagufeyaiiulaeysUsaifuluinisanduausauveanisauny
Jutayaimninnuvaeseuliivdefisssouidien

1.2 daguszasdvasnisine

av Joao ¢
MUIUINAGUITLEIAND
ot Y ag dd v o - as a
1. AnAuphdanesiiuifedesiunisiumngaruduiusuuuiiavene
2. sanuuuuagvaaaiieyTul e anasiumsAuvng Anuduiusiuuiiuvenelrle

24
[

salacs
NAANTNAUYU

1.3 YaULUAYDINISIAY

ATl sednwnaginuny Sud jeuszansamuesdanes iunisiaunisAuning
ANUAURUSLUULRLYENY (Incremental mining on assodiation rule) l¥seezinalunislasanis
5Visdu 18 ey

1.4 YUABUNISANEI

%v’uﬂau"lunﬁﬁnmmuﬁsﬁ’amsﬁumngmme‘i’uﬁuéuuuL'ﬁ'mma Usgnaude 3 Tuneu
wdn fail

1. fwuevde TnquizasAuazveuLvan1sALIUNITITY

2. finwn wnRauasuAmeAteiRedesiuenddy

3. FyuBBazdaviendns

1.5 Deufndt

Tunuided ﬁms‘l%’ﬁ'lﬁ’wﬁmm“'lum'iﬁnmé'ana‘%ﬁué'ﬁumsé’umngmmﬁ’uﬁ’uﬁ‘twu
Wiarvene (Incremental Association Rule) wieliflmnundlanseiu {ideldfemdwividwWouas
fealélumide

Association Rule %38 ngeuduiug Wunszuiunsmauuuuresieyaiiiraulelu

swteyauiuanseenuilugivesngrniduius X 2 v .



Original Database wingfils grudoyanuduiidilignaniunsiiu au wiaUuup
Yeyalugndeys Turniideilerlédydnwaiifu o8

Increment Database el yadayaviegwideyalmifivzgniimdrlulugiudeya
(s (Original Database) ‘I,umumauﬂu'lwamanwml,ﬂu db

Updated Database vunefis gudeyaiiléfunmsuiugud tiufe grudoyailiinng
wiuteyalvsiiily maawmmauamamumnawsaﬂsuﬂsmr’ﬂﬂ TusmAdeTos ey ydnwal
ub

Frequent Itemset %38 Large ltemset mneds wavaslawiufinnudiigendiad
afuayu (support count) mnnfnmammumwauuauu (min_sup) mﬂ*umwuﬂ'lumauumu
mlamuwmmmiam'] Frequent Itemset 1 ﬁ]unnuﬂlﬂaswngmmauwuﬁmalﬂ

Infrequent Itemset %38 Small ltemset M8 Lﬂjm‘uaﬂlaquﬂummaﬁﬁﬂﬂ’i’]ﬁ’]
auuauu (support count) uaamwmwauuauu (min_sup) Mgl munluneuduiy Falowiuda
flgni3endn Infrequent Itemset 4 ﬁ]u‘luanuﬂﬂamngmmauwuﬁ

Candidate Itemset vangla laiueadadon Wugaweslaudaiildanniaden
rudiniusveslewhneniiiu frequent itemset Aounti Tnsuauiianlafindnillfazgmiily
maauﬁuﬁwaﬁ’uaquﬁqaﬂﬁcﬂ%ﬁmum mnLmuﬁmmlaLﬁ:uwmc«“fﬂmﬁﬁﬁhaﬁ’uauumﬂm'ﬁniwﬁa
wihenafuayudan o qiiendy frequent itemset withiidauayudesnitdatuayusiign
LLﬂummﬂamuwmmuuﬂ anmmm (prune) 1y

Minimum Support 38 min_sup i Aatvayusaangliiudimuniieldly
managauamannsalunisidu frequent itemset vaaudaslawiu

Minimum Confidence 38 min_conf wanefis Aanu@esiusnaaiglidugimua
welflumaeaeuingauduiuslanadungfidasuniala

kitemset wyneds wavadleiiudivssneudelomusuay k dalagii k> 1
fet gy

k=1vig Litemset wngiuanvadlediufivssnaudaglotiu 1 1 feudeuey
lugU A, B, C, D} uile A B C ua D fslowi
k = 2 vi3e 2-itemset mnedawnvadlaiuiissnoumelawiu 2 f deudeuse

Tugu ABL, ACH, 1ADY, (B,C), (B,0), {C,ON usiu
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ad al a o awv o 2
WﬂﬂﬂwugquﬂlmUQquqfﬂﬂ LAaSIMUALENNYIVDY
(Literature Reviewed)

MsAUMINGANNENTUS (discovery of association rules) fealdfusgraunsviansly
Vg1 IﬂEJLQW’luElEJ'NENﬂ'Ti'JLﬂi'lu%'iﬂ']'i‘dﬂﬁﬂﬂ']‘vilﬂaﬂm (market basket analysis) ifiny1fis
wqmniﬁumimaaumwaqanm’n maaﬂﬂwaaumwwumm A ﬁaaum“lmﬂ'mﬂ“lﬂma weliag
sssuvifvesteyaifinaifiviuedrareiias m‘lwngmwauwuﬁmuwLﬂalmumawmi
Wasuwasmilude

“luuwumnmaquwgwumumq6] fifedestunuided Snsznoudae

1. mﬂuuaﬂgﬂ’nmnwuﬁ (Association rules Mining)

2. miLW&J?JEJ']EJmiﬂumﬂQﬂ’J”la,Ja:uwuﬁ (Incremental mining on association rules)

TneluusiasnquiiiseaziBuadsil

2.1 msluilanganudunus (Association rules mining)

mslufisngaudinius (association rules mining) ) Idgniniausidiet 1993 [1] iield
Tumsfumeanuduiusidiauless mw‘lamu‘lum‘uauawLUuLLUUﬁams (transactional
dataset) heblunansndinaansildinausty [1] ldnszuaumsludngaasniusitused
AvuALA
| Huanvedlewin Tae | = {iy iy <., i
T {Ju 579n15 (transaction) @usias transaction  \Jusnaaslewiy ﬁ'uﬁa
TCl dax T Lmaumﬁ]vauwuﬁnumivu (identifier) ‘VlLiEJﬂ'J'] TID (Transaction Identifier) mu
mmumwaﬂaqLma%awnm%unnwmwwmsm Wude uaazlamussfinndudnvas binary
variable fig *?Ja %38 111%8
D Wuwaves Tems (transaction) Tugrudeya
avuArmuald lowin X Julewilusiemsuileg dufle xeT
npAMudiuSIzuanegluguves IF. THEN rule Feazuanslunuutefuves
x=>v Tag X, YOI was X = &
itemsetla< wa'umaﬁ'ﬂﬂuamtﬂungmmé’uﬁué X=>Y azfinsdian support
s mLﬂummumaswumawaua transaction T D fiilsislotiu A uas B (AUB) tiude WHudn
amnesfiuilauinledi A waz B wioufu (P(AUB))
aaung x=>Y laq fezidungihinauls szdesiian conf‘ dence c luignyas
fogya transaction Tu D ifie ¢ \uesiudvesdeya transaction Tu D 75 A udq dossl B fae -
tufiorrminhesifutuuiitouls (P(BJA)



8 -4 L3 A L7 t U ] o/
M4l wulRaLRgIfuAT support wazAn confidence d1niunisning
v &

v w ¢ 2/ | [
mwauwuﬁmmmuamﬂwaq’lugﬂmmmmmﬁmﬂulﬂmu

Support(X=>Y) = P(XJY)
confidence(X=>Y) = P(X|Y)

dw3UAn support wagAn confidence W3BUNATUSENIT minimum support

wag minimum confidence

Tunsmngardiniug sxdonnngnuduiusingiuazdeasiien confidence uaven
support 1nANIIAT confidence way support AifaussrlunauSuEY v MIMINGANNAURUS
Usznaudenisyan 2 Suneu ldud

1. MM frequent itemset Wavin (Find all frequent itemset)

Toiu X 1aq fanunsoudy frequent itemset 38 large itemset lfazAasdia
support fnARTIAY minimum - support Afwue BusdEuusn tufle | Xsupport = Sy}
Whmnevestunautifenism Large k-temset 38 {L Lyl Tulos

2. mia%"lxm;]mn frequent itemset flfnannnaseatim (Generate association
rules from the frequent itemset)

‘lu‘ﬁv'umauﬁti’]uﬂ'ﬁa%ﬁqngmmél’uﬁ’uémﬂ Frequent itemset vi38 large itemset i
nduneud 1

Tunmiddenssunisfiumngaanuduiius (Association rules mining) Sana3unlésu
aulgumiwnldlunmamngaiudisiusie Apriori [2] annsaesunelinail

Apriori Algorithm [2]

dane3iu Aprior WWudanesiufideudrsdiunumiasuiitsnluwmiddedunismining
association rules Sane3fuiiziimsfruan targe itemset wanslidanmd 2.1 Tunnsviy
Apriori 4% scan usiay transaction Tugrudeya Tnefinisusmaisada Ts large k-itemset (L)
fifuaildusazsou sefuiamn candidate k1 itemset (Ce) Fuduludnuaznisvinuves
level-wise-step Tumssuanin large itemset vassanadfiuilasutsmsvinusenidiu 2 Suneu
nan Teiun

1. fumeums Join (join step)

Dutunerlunisth L, & = 2) svhans join operation ifteadn3 C, eezldlunas

A L aslusaudaly wu G, ldunanansvi join operation sewing L, Nt G
Adnnaldluvhmemn L, Gaemsiieudieufiudr minimum support) deld L, Aagvi join
operation 5en31 L*L, wielild ¢, iiteirlumunam L, duddudaly wazagiuduluiFesq

n./ (] x L o) 2/ o d
IUNTEN G = D i Jjoin operation uanslanannm 2.2



2. Jumaums prune (prune step)
[ 1) X . d a . oo a
Wutumounlglums prune itemset ¥84 G, WaRINIUM itemset NlAMaNTR
- P . . <
W L tufe itemset 1n9 Tu G 7 Xsupport < min_sup 9¥gn prune sanly uas itemset 7

Pl

ot . 'Y ¥ s pui
wide @afid X.support = min_sup) azdalu L, Tuneaums prune step uansldnsnini 2.3
S Xo ° a . vo & " s . du Mo
alldalatinnsimvuaamandfves itemset 13dall “dduien ved k-1 itemset o Tu C, Alaild
& a [ L) ' , v ot . t
Wuandnues L, ud? itemset duq asliaansalu L 1@ §ea1ansa prune itemset 1 aan
90 G 18"

1) L; = {large 1-itemsets};

2) for ( k =2; Lr— #@; k++ ) do begin

3)  Ci = apriori-gen(Lx~1); // New candidates
4)  forall transactions { € D do begin

5) C: = subset(Ck, t); [/ Candidates contained in ¢
6) forall candidates ¢ € C; do

7) c.count++;

8) end

9) - Li = {c € Cx | c.caunt > minsup}

10) end

1) Answer = [, Lg;

mw*?i 2.1 M3Anu Large itemset YadApriori Algorithm

insert into Cx

select p.itemy, p.item,, ..., p.itemy_,, g.itemy_;
from Li—1 p, Lk—1 g
where p.item; = g.itemy, ..., p.itemp—z = g.itemg—2,

pitemgo < guitemygoy;

AWH 2.2 URBUNTIVIY join step

forall itemsets ¢ € C), do
forall (k—1)-subsets s of c do
if (s & Lik—1) then
delete ¢ from Ck;

o 7 o
ANV 2.3 YUNBUNTTI prune step

d' -: 5 . v 5 .Y < LY [ 0'4
ilowe§adudumaunsv Large itemset udq dumsudalufentsmingaruduiusidu
\ . e (e .« . d o P B 5 (Y ' < 1
AIUAT Minimum support k&g A1 minimum confidence Aifvualy Fervisapanananaziigag
] o P ] . . s | L)
F¥NIN 0 - 100% mnﬂgmmauwutﬂm Mdulumuen min_sup Wag min_conf AINATI £IN
Ingriudungfivraula wiengiiduuda (strong rule) lumendufiu mnnganuduiusiag Al
& ' . ) . as 1 (v ] LY [ M o < [ =
Wulumuda min_sup uaz min_conf dana1a azdadingiulungiliraulaniailungh
gauUwe (weak rule)



Yaidevas Apriori

1. dufudioeting scan grudoyauasnss uazfinsad candidate itemset $1uu
wn lunsinasiazseu Suilildnalunsssnanadaudhun Sohlinsandum
danesiiuitazanmsathe candidate itemset Uag annas scan grudoya

2. Liwnzandmiunsadengaruduiug ideyaidudnuae Numeric vie
Boolean

3. wnlimsiwsensteyalmi dnlulugudeya ssfomn nganuduiuslwise
ms scan grudeyalvivivun

2.2 m‘ikﬁuﬂmaﬂgmwﬁuﬁué (Incremental mining on association rules)

555UY1AY89 Dynamic - Database $18n13U8Ya (transaction) %gmﬁmﬁ"mﬂu
gudeyasgnasanan Juhbifangamduiuslmifiiraulafiolu susdeaty aganuduius
wwnerseznaneifungithivhavlednsiely.  wmscifliaduidlofintsiiindayaidunlnl
Usgneude 4 weansnd [3] fel
1. itemset iy Large  itemset Ty gudogaiy dwudu Large itemset Tu
Fudeyalvsiguidy
2. temset iy Large itemset Tu grudayaidy 1WAyl small itemset Tu

Fudeyalw

3. itemset iy Small itemset Tu grudayaiin wWaswdy Large itemset Tu
Frudeyalvi

4. itemset iy Small itemset Tu grudoyaifa Fsanfiu Small itemset Tu
grudeyalmigudy

Iumi%'ﬂmlﬁ\immgnﬁawaangﬂ?ﬂuﬁuﬁuﬁ (maintenance of association rules) 34

[ o o dal va o =2 ad (Y] 1 = a o o &
Wulgmddy nlgdevareneweieudnvimismauniatymdingin fanuideaduil 16
D=1 a s d d v [ v e e o u du
ﬂﬂ“e}'N’m'Jf\]EWlLﬂEJ'J‘UQ\'iﬂUﬂ']’iﬂUWTﬂ{]ﬂ'l'mauwua‘LLUULWN‘UEJ'IEJ MU

FUP [4]
8ane3fiu FUP (Fast UPdate Algorithm) iusuideusninavewaiinnisvi
incremental updating technique \fie maintenance association rules Lﬁaﬁmitﬁuﬁaaga‘l‘wﬂ
Whanlughudoya masvheues FUP endevdnnisifieniu Apriori Feefinnsviviuvaneseu
TauseuusnIwSusus 1-itemset luauda k-itemset ﬁaﬁé’ana%ﬁuﬁ’ﬁlsﬁ'}a'lun’laléfﬂ'ﬁaqu'm'h
#N minimum support wagA minimum confidence A
Anuvanevesdydnualieg ldlusaneiu FUP fiswavBendsil
DB wunede original Database
db e increment database
D. wuefa . 41UIU transaction ﬁﬁa&ﬂu original database



d vnefe 971U transaction ﬁﬁag‘lu increment database

s VHMEEN A1 minimum support

L vnefia Large kitemset lu original database iila k=1,2,..

L’y vefe Large k-itemset lu updated database (DB\Udb) il k=1,2,...

X.supporty e fAaad (support) 184 Towin X Tu original database

X supporty vanefa Aaansd (support) wee lewin X 1y increment database
X.supportyo e Aad (support) 9es lewiu X Tu updated database

FUP 9zuusmsvinueenidu 2 drundnfe First iteration wag Second iteration and
beyond swazduatuneumsinues FUP faesdu e3unedl
1. First iteration
navinendludui sedunism prune ey loser item uag wilawuiidy
winner item ?iwﬂu Large l-itemset
1.1 scan db iflevinasuiulssen support wesletiiy iile prune Teifiuiliiu
loser vanly uagymlawiuidy winner Tneiingnnisiiarsandsd
1.1.1 nsgd XEL; lvihen support vaslowin X Tu DB wag db usuiu agld
X.supportyp = X.supportp+X.supporty ﬁ)'muumﬂ'ﬁm’maaum support ﬁlﬂ JEE
01 X.supportys > s x (D+d) wans11 ladis X uuq \Ju winner item
waglvi Xe L,
t X.supportys < s x (D+d) wanei1 Tewis X tfus u loser item ua
9% prune oy X Juily
1.1.2 A3 X€L, azinmsnansan 2 d3u As
1.1.2.1 prune  lowiusiliilontadu L) 16 Taefiarsanan XEL,

uay X.supporty < s x d - wansdnlewiu X tu s loser item 9gvhans prune Tewiu X Sl
Faaztrwandaums scan laiu Tugrudeyaiiy
1.1.2.2 asnaavleiuiiilonmadu L, Inefin1sunain XEL, uay
X.supporty = s x d Wi lewiu X denaasly scan Tu DB 91ntuahen X.supportyp iléan
ns29aauIny loser item wSe winner item 1ag
1 X.supportyp 2 s x (D+d) uansin lawiiu X ﬁgw] vJu winner item
wazlvi Xe L,
1 X.supportyp < s x (D+d) uansdn lawfiu X ﬁ‘ju*] tJu loser item 1z
¥ins prune Tewty X duiialy
deiadadunszunumsvieniluseud 9214 Large 1-itemset (L) Tu grudeya
ﬁﬂ%’uﬂ;mé”; (updated database) muniumumivmﬂu‘luiau first iteration 4fiu1 large 1-
itenset 984 FUP uansléfinmil 2.4 wazdanssiuuansmsvihoniluseu iandléwenmd 2.5



losers -candidate set Cj- ) ‘scan DB
o . find Xsipportp DE.
! Jorall Xe €
db

losers:

L
large 1-itemsets’

= ° . . .
AN 2.4 nszuunsyinnulusey First iteration Y89 FUP

2. Second iteration and beyond
nsvhauludgauidasidunism Large kitemset' o k> 2 Zsasiidhunda i
vdnmMIviauadng first iteration tufentsulowiuiiy loser Aliiaunsadu L, iioanns
scan kdtemset (e k = 2 Tu db Ingenduuundaiiin “drlawiu X laq fdu loser item Tunns
Ussanaraseul k-1 (e k= 2) ud itemset Tnq w89 L lugrudeyaidudidloiu X fndradu
subset agazlidannsaidy winer item Tuseudl k” 9 nuinnasana Ty second iteration and
beyond asfinsvihaiudail
21 v itemset  fitluaui@nes L, waz L', tufie w1 itemset  mdu large
itemset wﬂumwauamu LLaumu‘uauawU'suﬂsma'J
Fuppuilaz prune Loser item Alslanunsatfiu L, ifleandunilatiudies scan
lu db TnegRarsaunann Y = LU (lewiu Y a9 ffiuaun@nuas Ly Lm“l,mﬂuam‘unmm L") T

faidle X € L, fillavin Y iduduien sxliannsadiu Laree itemset 1 et Tawia X dandnn
22Qn prune Wl
v

8819
L, = {AB,C} L’y = {AC,D} L, = {AB,AC}
L, =L = {B}

g sziuld 81 Juasndnlu L, uilifuaundnlu L, daiy itemset
o 9 Tu L, #ifl (8} Huaundn itemset ﬁu’uﬂ 9238071 loser item wazgn prune aanlulnglisag
#1lU scan Tudb  Fsandegas itemset Tu L, ﬁﬁ B} Wuduiende (AB} iy (AB) 3N
prune 880370 L, way L, avmaaauwnaaﬂa {AC} R {AC} avnﬂm‘l‘d scan 4 db LW@USU‘UN
A support
Tuns scan aundnffiwdslu L, winnuda
* X supportup 2 s x (D+d)
itemset 1 avi3enin winner item uweazgmibdiivlu L,
* X supportyo < sx(D+d)
[temset uu*] 22138091 loser item ﬂ%nn prune falu
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2.2 ™ new Large 2-itemset (L’,)
TudumoutlaziSudtuin candidate 2-itemset (C,) #2815 join operation
T A -] = L7 d’l
5enI19 L'y * L’y el scan Tu db wagvn L’2 Tnefansandail
22.1 NI XE C uag X € L,
" © a i d o
Lidiaat lewin X dsnd1aly scan Tu db iflesen X (uaudnves L,
v 2 o Y ¥ P>
ud? @anualdainduseun 2.1)
222 NI XE G uag X & L',
Toih 1o X fsnaly scan Tu db wdansavaay
* {1 X.supporty = s x d
i laviiu X fsnanaly scan Tu DB wdauiuusgean support uda
ATIVABUMAWUT X.supportyp 2 s x (D+d) ud Ihifinlewin X tufuauiinues L7,
* 1 Xsupporty <'s x d
T prune lawiu X sanan G, uashigaai X U scan Tu DB
= c & ¥ = v o v 3
WBLESFUTURBUN 2.2 naawsiilane L,

° ¥ 1+ a o v o < . Y
2.3 IMMIUGNIUREIAUTEN 2.1 W k-itemset (k=3)lusaudaly

AULAUVY FUP
L finsifiusadwsanmstuddugdeyadunlimdugudeyalwifidindrn
2. aunsnaad iy Candidate itemset iaztiluly scan lugndoyadu

dafyveq FUP
1. annsaldoulalunsdimasmaiudeyalmidhlulugudoyaidumindu delsiawnse
Wlatfunsaimsau wagn1s modification Tugrudayald
v oo & v o [ a - .
2. 8NUUABININTS scan §IuvayaLda tWaw new large k-itemset Tuynseu k
Negative border [5]
L9 a a2 . [ aw oc = Qs .
2anaINU Negative border tJusuIvanfnwngnudy1n1s maintenance
association rules IngganeFiuilannsonsevitldly 2 nsdife msiudeyalmiiuas uagms
avdeyaiinesnluangudeayaidu visilsanesiutaziounteldniseyanuda a1 minimum
' . . < '
support ¥agA1 minimum confidence AN
ManN15Y84 Negative border fie aziinsifiuAn C, 3 G, € L, uay G, € L, ag Ce
& L, 9213891 negative border fagnatu
G ={AB8,CD,E} L; = {A, B, E}
AU | negative border w84 L, %38 NBA(L,) = {C,D}

&

NnfMegN ansadeuluguveseainisianeg
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NBd(Lk) = Ck - Lk W%a
Ck = Lk U NBd(Lk)

amumnevasdaydnuaiildludane3iiu Negative border fisreaziBongi]

DB W88 original database

db MUY increment database

DB’ muef updated database

L e large itemset Ty original database
L el large itemset Tu increment database
L™ e large itemset Tu updated database

NBd(L) vansfia Negative border 484 large k-itemset dlak>1
NBA(L™) wianeds Negative border lu original database

NBA(L™) wunedia Neeative border T increment database
NBA(L™™") maneiia Negative border Tu updated database

s vanefs itemset 1nq Tugrudeyavia DB, db uae DB”
s.count 'ﬁll”lf]a\i ﬂ"]ﬁ'mllaﬂ]ﬂ\ﬂalﬁll S ﬁlﬁﬂ‘ﬁu

tog(s) e $1uau transaction lu DB Aifllewy s iuaundn
tan(S) wnede $auay transaction Tu db fiflewiy s Wuawndn

Funoumsvihaues Negative border aziusnisviruesnidu 2 d1u Aediuvednis
diudayalyi (Addition of new transaction) uagludruvasmsaudieyaieanty (Deletion of
existing transaction) $ana3viu Negative border uaasanmil 2.7 Insluudazdruilswazion
Arsvnuseil

1. Addition of new transactions
Sane37iu Negative border wansaninil 2.7 Ssdiseazisonnisvieuded
1. USuusern support Ty itemset Mifuaundnves L, uaz NBd(L) lu
Futeyaliy
131910013 scan transaction Midunlugrudeyaiiia Aurum large
~itemset u db (L™ Tuwaizideaiulivinnsusuussan support  ws itemset Mflu L uay
NBd(Ly Tugnuidoyaifuday snduliinisansandsd
11psdlsel”
& toals) + tals) < min_sup x (togttey) W prune lawiu s dusenaan

b8

611 toa(s) + tgy(s) = min_sup x (tpg+tgy) IANlaY s iWnTuainTnves
DB+
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12038 se L™ uags & L% uaz s € NBd(L™®)

11 tog(s) + tap(s) = min_sup x (tog+tg,) TLlaWiN s Wiluaunfnves
DB+

2. vasnyiAsUTuUTeAn support Tun L wag NBd(L,) 'lumwauam:u
IS8UTDEUAT (mnwmau‘w 1) NaaWﬁwlﬂﬂa large itemset ‘Lumuwauaﬂiuﬂia [ Nt
MnsSeuauuaneiee itemset Tu L™ uag 1% dad

2.1 nsdl L = 1 (Lifimsiudsunes itemset Ty original database Wag
updated database) w1884 itemset Aduaufinues negative border Lifinsiasundas vy
Ao NBA(L™) = NBd(L™™)

22 03 1 # ™ (@arswdeunes itemset lu original database wag
updated database) vaefis itemset TduaunGnues negative border flnsiasuuas tufe
NBd(L™) # NBA(L"™) Wvinseuamen Tuallagl4ardu Negativeborder-gen( L™™) uanslds
A 2.8 Tagnshon Lo Tuduanmn NB(L, ) Tuusiazsau k anu level-wise

3, ndunoudt 2 Waduinmian NBA(L, ) Seudasuda ase L U
NBd(L, ) vesgwdeyaianiFoy L U NBdL™) ifsufugudesyalml ilegar
Wabuulas f987 LkDB U NBd(LkDB) % LkDB+ ) NBd(LkDB+) 22MIN1INIAN negative border
closure U84 LDB+ Uaza2yianas scan gﬁu%’a;‘gaLﬁuﬁnﬂ%"atﬁaﬂ%’uﬂsgm L2 way NB(L, )

function Update-Large-Ttemset(LP 7, NBd(LPP), db)

//DB_aud db denote the number of transactions. in
the: ongmal database and the increment database
respectivel 3'

Compute L%e

foreach itemset s € LYFUNBA(L?%) do

tap(s) = riumber of transactions in db costaining s

LDB+ 2 (b

far each itemset s € LP8 do

if (tm,(s) + tdz,gs)) 2'mingup *+ (DB +db) then
LVB+ — [DB+ 4,
for edch ttemset g€ L‘"’ do
if ¢ L2 and s:€ NBd(LP?) and (tDB(S) +
tdb(s)) >minsup+ (DB + db) then
DB+ _ rDB+
f B. # D%
NBd(L® "') = negdtxveborder-gen(LD by
else- NBd(L"’”*‘) NBA(LP®)

lf f'gDB UNgd(LDB) #.LDB-P U_MBd(LDB+) then
repeat t6'S = S UNBA(S)
until S does: not- grow
Lo8F = {z€ Slsupport(a:) > mtnsup}
/ / support(z) is the support count of z in DB Udb‘
NBA(LYB*) = pegativeborder-gen(LP+)

o Y act .
AINN 2.5 9anaInuYal Negative Border
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: function: negativebordersgen(L)

Slet L into, Lx,Lg,L. .y L. Where 1 is.the size 6f the-

raﬁ ¢ 1(:em3et m L
<oytida

compute Ck.H using apnon-gcn(Lk)
LU N Bd(L) U_;:z,.. 1 Ck Uy where Iyis the set:

of- l-xtemgetg

AWl 2.8 Haridu Negative Border-gen

2. Deletion of existing transactions
Iunsmwumauannauaanmn Frudoyaay avmmsmmmm Lk hay
NBd(Lk ") sl daen1sviends s, count Tu db 11aUBBNIIN Lk hay NBd(L.< ") udams29aoud
5.COUNtpg.qp TUAT min_sup * (DB — db) wWudenfutunaui 1.3 ’lumuwaamsmmaga'[mu

(Addition of new transactions)

ALAUYDY Negative border
= v c‘ e v a t %4 a
L. Sinald itemset Mlu negative border iusinaulaluns scan grudagaiia
19 a o & o DB DB DB
2. 5 scan rudeyaisiissnsudes Tunsdld L U NBd®) # L U
)

DB+

NBd(L

Joidavas negative border

1. Wldawielunsaiily new item \Aniu

2. M3 negative border closer Iamunulunism L, wsizdesinisiudvansseu
Welwle L = L \U NBd(L) Hamun

3. fosdlldnuiiiudoyaituiudieldifiuan negative border



unt 3

danasfiunsduningamuduwusuvuiinvene
(Batch Fast Update Algorithm)

MIAUNINGAIILEURUS Lﬂumﬂuﬂwﬁqﬂmmniumunﬁmmuawaua (Data Mining)
maﬂummwauwuﬁsumwwaua'lumwuaua u,auanmﬂwaauawmaﬁlaﬂwaanmaa’lusﬂuv
VBINYAIMEURUS if X then Y‘Imawanmsmmuwan 2 Sumauldud 1) msﬂum'lamuwmw
Fendnsiadunilofiude mLﬂulaquwmwumauuauumnmmsammumauuauuwm
(minimum support) wﬁ‘lwmuuﬂ uag 2) msuwlnmuﬁlamuwmwm‘lmmn‘uau,smnaiwn;]
mmauwuﬁ mngmmauwuﬁwmau’lq ﬂ“mun.g]mmauwuﬁwummmwauummamsawnn‘u
ﬂ’lﬂ’a'uJL‘Uauu?Jum (minimum confidence) 'VlBﬂ‘Uﬂ'muﬂ

Tngaluuda aanaswuwlmumiaauwua sifufideslunaiinfumngaauduiug
Aadane3fiu Apnon [3] wnnLauaIﬂs Agrawal Taglunisfiumniniulaiiindaves Apriori 9z
Usy naumwumawmﬂm 2 Suneundn Ae nsidenlowiuide (join) tazn136m (prune) lawiu
Waitlienadundiniuilemudaiicly egnslsis Luaumimemanalwmm‘lﬂ‘lumwaua
Lﬂ‘u MIAUMINGAINEUTUS8ATAYBe Apriori alzmmmﬂssmamamauamwuﬂwaamu«uaua
tufle nsmuaudaalewaeelyl u,avaLmumauuauwzjmLmuﬂmmlamuwmlwﬁluwne] 50U
mm'lmamwi%‘lumsﬂsvmawann“lmmmnumﬁmmﬂu wazluinauszaninwlunisvineu
BneIBEINTY anuRinsyaderalmisiui 3 wﬂmvnmwmmdmu%’aumﬁu Huvuneds mn
maqmsﬂi‘uﬂsqnammauwué‘luwn=] iawmmwmauawﬂiwunnm Apriori 9zfiaUssanana
mumauamt,n'ma“‘lwummeui'mmu 3 59U

wededesdandnives Aprior Felififithauemsuiulsingamuduiuddedinsia
Toyayalmivdunlugudeyaiiiu Cheung wasame [4) 16 1auesana3in FUP (Fast UPdate
algorithm) mLUuaanaima'msumsﬂumngmmauwuﬁuuumeana maumsmu‘uaua‘lwmm
3 IﬂamﬂaaaﬂmmimumnmﬂuuﬂumwauamummaquUiuamﬁmwlumiﬂumng
AUANNUS WuRe FUP 1 'lmwstmu'l.amuwmwlﬂmnmsﬂi“maNﬂ’lumwauamu ugizan
mu’;uuﬂuﬂmm‘lawmwvmsavmamnm‘lﬂaunﬂumu%uaLmj fagIsmsUszanananina I
W FUP Whanlunsussanasatosnin Apriori _

~agalsAny luwdagseu k definsfununaudnnlewimenilildfuauinye s
winileiudnvesgudeyaitu uauAnnlowiundaduq av gnilvaunulugudeyatdumnsaui
k thuutadn mnwmmaawimulamuwm‘lumumauaﬂmﬂsaumm'mu 5 (k=5) goununaany
11 FUP mmaamLmuﬂLﬂm‘lamuwmlﬂaunu‘lumwauammmmmumau 5 sau Wulheany
Apriori Anefunsedl ’a]']‘u’)‘lJLLﬂ‘UﬂLﬂﬂlamuL‘dWVIﬂﬂU"lanLLﬂ‘U‘UEN FUP a#iidauautioania Apriori
winfy

Lwaaﬂmmumsaunumwauamu‘tmwaammuiamﬁaunuwuaawam HI983ale
ﬂnmmaﬂsvﬂsaaanaswu FUP 'lwvm'm‘[mamaaﬁnmuiawaamiﬂsvmdlumwauammwm
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o Y ac o (v a a ° Y vaw = " v ae
soUdY) IngdanesiunusudswssavBnmnisviianuees FUP U fldgasisanitganasiiu BFUP
(Batch Fast UPdate Algorithm)

3.1 Y9NTUALUIALYDIDaNSHY

2/ LY a o [ LY acs d aw Y v v v ¢ v Y o

AIgBanaIviy BFUP Lﬂuaanaswuwaq‘lumu’mamumiﬂumngﬂ’nuauwuﬁ AIUUIN
L4 o = 4’ v v d‘l’ o ¥ o @ AI LY c‘l’
maamwumauumgwumaqmumwanmiwuﬁwu'ﬂﬂﬂﬂaamsﬂungmmauwuéwumemamu

1. Msfmuasmadeuilosduliag

Tumsfumnganuduiuslaeiily frmaaeudosiuiiugiu 2 f Jedwualaegld
laun ﬁqaﬁ’uauuﬂu’uﬁn (minimum support) wagArdasiudius (minimum confidence) Tu
i3deatiul Sanesfiu BFUP axusznaramesyAmunamadeuilasduiindndliduanned
Lifinswasuulas

2. dadmuaiigafrunsuugsgrudeya
msfumngemuduiuiuiies wiidaatfunadsuwawegdeyady 3
Tnerhlundamswisuuasdesmeuiulgsgrudenain assinsusulguasuwaseg 3 dnuay
Toun
- mafampdeyalvidalulugudeyaiu(nsert)
- m3avdeyaiineenangdeyadis (Delete)
- msUsuuguiledeyalugudeyalis (Update)

Turuddeaduil szlunmsfnunisuSulsalsziviniwesdanaiiunisauning
YR - el < == a 1% v % a
anuduiusuuuiivvesanlunsdusn densdifinsifiugadeyalnivihllugiudeyadu
Wity

o

3.2 digyanwaldnag Nlgluauiag

d guvea dv O v sa e vl < cv o & smwuuvoe

welhifuidlansaiudmiviidouazdiaulafnuanideatiull ideladmun
LS L 1 o U d V Ve U LY X
dydnuaiingg wieumnuneilflunmidde weldiAnvidlanseiu fail

fydnwal AIURINY

DB gudayaiAu (Original Database)

db gudeyalusiviseyadeyalval (Increment Database) Tignudiay
whivlugudayaia

uD grudfoyaufuusa (Updated Database) Fudhugrudeyaiign

Foyanuuargdeyalnisuiuisuiesual UD = DBUdD
[BL:] dnunuvsuugrtuluguteyaiiy
|db| Sununsuneadulugiuteyalu
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|UD Nuunnuwrtulugdeyausuuse (UD| = [DB|+[db)
s Aaduayudus (minimum support)
LB wWhatuilewindnvasgudoyaiia
LP Winfuilewiudnvesgrudeyauiulye
CPB uruRianlaiudnvasgudoyaiia
(i uwauAmalewiudnvasgudeyalml
coP uauRianlawisdnuasgrudoyausuuss

1w s & o 4 g &
X.count Fafuayuvaslewiuda We X Aslewiundslng

a g & o g wwad o 1Y a

Temp_scanDB uwaunlamadangniivliiethlvaunugudeyaiiy

3.3 YUABUNISNI9IUYBY BFUP

o/

dane37iu BFUP Usenauaienseuiun1syiiauvan 2 nszuaums aua a1sussuiana
grudayalmi (incremental  updating - phase) waznisaunugiuteyaiiudnnsa (Re-scanning
Original Database Phase)

3.3.1 Yungumsussutanagutayalusl (Incremental Updating Phase)

4 v
LY <

&, & oo [T IS < Y
Tumoutl wllunisdszsnanagiudeyalal wwelild Wialwilowiudeavesgudeya
J o4 = 14 u P A
USuuge (LRP) waudan 1-lewiudinvesgrudeyauiuuse (CFP) uaruaufnaleiiugninzgn
ilvaunulugudeyaids (Temp_scanDB) Tneduneuiinsusynaudion1sieu 2 nssuiuns
v o < P - L - §
1dun mIvszananaseun k=1 uaznisussianaseu k fastaus 2 uly
d’t’ L 1 o o a & 1 2/ '
Tudesdu Aeundane3iiy BFUP azdszinanaludiuvasnisuszuianagiudoyalus
Y a v a 4 Vet v ¢do & w YYy o1 o v < g
smpsiinsUssnagiuteyaiuneliladmadwsndnlusiesld dud wWinduilewiundnves
v a DB a < < 17 a DB Y o a v 1 o
grwdeyaiiu (L2°) wawden 1-lawimdavesgrudeyaidu (CPF) vnivdsevdudhgnmsinn
v839ana3¥iu BFUP ¢iall

NISHNIUTOUI k=1
" aunugudeyalal (db) themmavayues 1-lewudaynia (CE)lugudeoya
Tnal
o u 4 a o -] a 1
" dwmiu P nluanndnves CPPv3eiluaundnues 28 Tivihnisusudgenn
advayuveslawingn
o 1 L% d L v b2 1 L% 5 1 - e
" wimauvayundsul fauaninasadeuAvmauuayuIume (minimum  support)
vi3e s lag dlewndnlag diaduayunnnimieuiiudeaiuvayudu lasiudadug ssgn
° o Ly UD ' < & P o 1] Vol Y 3 1 4 o &
dnluivlududs LiP winlawiudalag afianaduayulosnidaduayudusi lewiudaiy
° e A o 5 1 A Q. b 24 1
ggniifulududs P WwerhluldlumsuszinanalunSwieludieiimsiindeyayalmiidnn
° Y v M o a M v a
- = dwnsu cfPabildifiuandnves CPE wazlildiluaininees [28 lauiudn
ANAMLYNAIWIN MemIterrtaduayureslamuEatug vinfediurunsuugaduly
v a v v @ oy Y o Y (41 <t P @ 1
Frudoyaiiu wiaueenmiy 1 UuRe X.count+DB|-1 90ty dwmadwsnlaluiuTeudiuiua
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LY :; 5 o $ U A L 1 ) o ! L%
afuayudusvesgrudeyauiuuss (sUD)) Famnradnsiladeannaiwlewiiumaduayu
4 o & ° LY < °
ygutayauiuuge lawimdniuq asgnmiluiiuliludiuys Temp_scanDB tiesanisiily
aunulugruteyaduluseugaving

P3 P
N1 NIUTIUN k=2
du g L7 ] 1 [} d
msUszananaluseudl asfiunmsussinagniuludiuag k sau sundnsliauisadeuls
Wada (join) 1aon Tnestureunsyianlussdazseududsl
a 3 ! P . .
" afauauienladiudnvesgiudeyalnl (C20) femsidion Goin) lowiudnlagld
[Y) . . ] [ o & [ [y a et . . a o
wanns Apriori_gen() usiazuanansainnsitenlewiudnvesdaneiiiu Apriori ae#l BFUP auvi

naidesleiusewing (LIP, UTemp scanDBk ¥ (LYP, UTemp_scanDB,)

* aunugrudeyalmi (do) ievmAatuayuyes C,

= dwiu (P aduandnues 127 TivhmsuSulpsdiaduayuveslaiuda

" shanafuayuitlfuugudnaseaeuiuamalivayudude (minimum  support)
wi3e s Tng flevndelaq fimatvayunandniendudiaiuvayudush laiudadug asgn
Wtuifivlududs LYP

n dwdy Clilfifuangnues LRE lawingndinanaazgnium & mamsuum
mauuauumaﬂamuwmuuq vinfesuunsuusedulugiutoyaiiu udrausendae 1 dufe
X.count+|DB|-1 91n1iu mwaawswlé‘lmﬂsauma‘unumauuauu‘uummmmuwauaﬂiuﬂsq
(s*UD)) mmﬂwaawwlﬂummnnmaawnnumauuauuwaamwauaﬂwﬂsa ‘Lamuwmuuq
sggmiluifiuliludauys Temp_scanDB Lwasam'smlﬂaLLnuTug'lwagamu"luiauqﬂma

nadwSTlRINNsUsEInanagudeyalyid uansanini 3.1 astsenaufentiaiuile
Wiangnvesgrudeyausuls (L) waudinn 1-leiudnuesgrudoyausulss Y2 uasuaudian
lammwmmﬂul*ﬂumuﬂi Temp’ scanDB #anadwsvasiauus Temp_scanDB segninluldly
nsusznaluduneud 3.3.2

3.3.2 dumBUATAULNUFIUTaYAALYIINATE (Re-scanning Original Database
Phase)
v o v 5 = = Y a
PnuagnsnlaannisUsznanaludunouil 3.3.2 Aefuus Temp scanDB waudlanle
< [ o o s ° v a < P
Wugayndrnegludiuys Temp_scanDB asgniunaunulugiudeyaiiudnifies 1 seu e
Qs 1 U L= Q‘; 5 <2 o U LY d .24
Usuﬂsamauuauwmuﬂumﬂm‘lmﬁms‘z’muuq 1ty JnhaiuayuitSududiluasiasuy
numauuauumamaamuwauaUSUUN (s*|UD)) dlewiudslae draduayuannniwSeiiu
mauuuauuwum lamummuuq ssgnitldifivludauds LR uddildraduayuiesninm
auuauuwm Tawhudmiuq ﬁlvanmﬂmlﬂ

v
o

Funauns Tumeumsaunugruleyalfug18nass (Rescanning  Original  Database
Phase) IsuanisianIni 3.2
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Algorithm 1 incremental process()
Input s d)lslIiwlcim' IDBI
Output: IW
|UD{=|DB|+|db{
k=1
scan db for all X
for all Xe€L,™ or XeC,®
update X.count
if X.count 2 s*|UD|
X > I,
for all X g I.®® or XgC,™®
if X.count+|DB|-1 2 a*|UD|
10 X — temp scanDB
11 k=2
12 while (Ix-2"° U temp_scanDB,) > 1
13 Cy = Iy-4" ¥+ temp scanbDB,
14 // using Apriori:gen()
15 scan db for all C;
16 for all Xe ¢ do

W~ ot W=

17 for all X € 1,78

i8 update X.count

13 if X.count 2 s*|{UD]|

20 X — 1,

21 for all X g I,P®

22 if X.count+|{DB[-1 2 s*|{UD|
23 X — temp_scanDB

24 k++

25 end loop

26 rescan original()
27 le = Ltm U templ
28 return I,™

| v [ .
i 3.1 Fumeunsdsvananagruteyall (incremental Updating Phase)

Algorithm 2 rescan original()

Input DB, temp scanDB, s, |UD|

Output templ

1  if temp scanDB # &

2 scan DB for all X € temp scanDB
3 update X.count X

4 ‘if X.count 2 s*|UD]

S X — templL

6 endif

7 return templ

| bl a ¥ Y . . .
NI 3.2 mumaumsaunugﬂu%'agamuménﬂsa (Re-scanning Original Database Phase)
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N1INAGADILATNANTINAA DY
(Experimental Result)

= L4 [=d a s o es o =2 = o ac d o
wauandlviiiudisussdnBamnsvhauvesdanesiin BFUP Judusanesiiuiiufulse
= = o Qs a A 1 L/ Qs L. Q. d‘l
Usgananmnsvinnuraswaneddia FUP idslunmsduminganuduiusuuuiiiveene Tuunilas
nanfieingussaeAvrein1svaass Fn1Imaass wasnan1svmaaes vesdanesiiu BFUP

4.1 IQUszaAsAYaINIMAALY

ieuandlifiufieUssansamnisviieuresdanesiin BFUP dmiunisifiuvenenis
Aumngauduius Tnetdun1suiuuseussansnmdanesiin Fup Tuwadeiiesndanta
Taqusvasrvasnisvaaes Sslsenausne 2 nquszasindn il

1. Lﬁ'awﬂaaumwnnﬁawmNaé'ws‘ﬁ'lﬁmnn'1'svﬁ'umu%’aua‘lmﬂ%’ﬂﬂlumu%’aua
iy dana3iiu BFUP u,m'lﬁl.,LUuaaﬂaiwwwmu'immaUsuﬂsaﬂi“awﬁmwwaaaanas‘vm FUP
a&m‘lsnﬂ mMyhauvesisdane3fiu BEUP wax FUP audigumsvinuiineindanadiiu Aprior
muumﬂaﬁwaammumimaaqLwawmaaummmmawawaawé‘[mEJLﬂsaumaunuaanaswu
Apriori \Huwndn

2. w‘v’awﬂaauﬂsxﬁw%mw‘lumiﬁ'mwaqé'ana‘%ﬁu‘lumnﬁugw%’aada“lmj!.%"ﬂ.tﬂu
gwudayaidia  nisvedeudsedninimvessaneifiulunudded sndunisnegeuiiea

v
a o

Usgansnmmsifinugnenisauningainuduiusiasfaainnarildlunisuseanana (Execution
Time) lasw3suidisunailtlumsuszananaseninadans iy BFUP sana3fiu FUP  uag
dana3iu Apriori

4.2 1590889

msmaaaé’ana%ﬁuLﬁaé’umngmmﬁuﬁuétmuLﬁmma dafimsifiugruteyaviown
YeyalniviluTugnudeyadu mmwﬂwﬂsmuw’lamuuzmwlﬂmnﬂ'lsﬂummnﬁ'lwauamuu
nsiAeuuadly ”lumimaaqﬁmsmﬁmau ﬁ]uLﬂumimaaﬂﬂamsmmauawnhl 1 w’uaua
fruau 1,000 NsuLTATY Imamem‘l‘tﬂumwauamumu'gu 2 Fudeya fSuaunsuwgady
50,000 Wag 100,000 NIMMTATY SR mamauvaquwm (minimum support) Tusgduil
sefiu Tnegudieya 50,000 nsruuwady ssveaaufuaatiuayutum 0.2% 0.3% waz 0.4%
dugtaya 100,000 m'mwm‘i?u avmaauﬁumaﬁ’uauuﬂ"’uﬁn 0.1% 0.3% uag 0.5%

dmSuyadeyaiitumaaes \Jugadayadaunsizyt (Synthesis Dataset) mmwmana
finauslae Agrawal wazas [1] mlmLaumﬁmsaﬂwmauaaam‘m mwa‘l‘?ﬂumiﬂiumu
Usvawﬁmwmaqaaﬂaiwu T,ﬂ&Jmﬁwaﬂm'imaaamu1‘l=z'1‘lumsaswvmmua dmsunimaassly
a'm's'ﬂau lmaanlmmama 2 yadeyafe yadeya [10T4D50K mmumwauamu 50,000 7514
uYAT wagyadaya yndeya 110T4D100K dwiiugudeyaifin 100,000 nyuuwady
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dieuhdeyavs 2 gadenaidedusyiinisaasiaslusunsy MATLAB 7.6 wans

2y [ -:7
naaadunu

a , a @ a @
Han1snaaBayadayai 1 Ao 110TAD50K dwmiugrudeyaidu 50,000 nsuLwATY way
finsiwdeyaidinnduau 1,000 nimugady wieumensmeasuiuAaduayusigasuau 3
A1 AB 0.2% 0.3% uax 0.0% uazvadauUszdnsnmvssdanesiulasiuSouiisuiusanedi

[ a <2 . . - =
FUP wag 9anaIni Apriori HaN1IVAaanInIuaIsIen 4.1 wagnnm 4.1

o - o ' v ' ) a e
A19140 4.1 Naﬂ'\ilﬂiﬂUn’lEJUL'Ja']m‘l'ﬂUﬂ'ﬁ‘UisuqaNa‘Uai&a‘qﬂ 110T4D50K s¥#1199anaIny

Apriori FUP wag BFUP

raildlunsuszimanawas Guii)
- ANEUUAYUYUAT (min.sup)
danesvy
0.2% 0.3% 0.4%
Apriori 617,259.2492 520,470.1767 472,622.0955
FUP 36,012.0041 17,695.8894 12,363.9417
BFUP 15,402.0908 12,906.0013 10,866.7162
Puunsieiunlawinids 5.307 1,995 1,051
UGNV k-itemset Lis Ly L
) | IT10DS0K o
700000
600000
500000
B Apriori
= 400000
g W FUP
E 300000 & batch FUP
E
= 200000
5
100000
sup
§ 4
0.2% 0.3% 0.4%

A “@ N <
A 4.1 wwugiiwviasSeuieunaniililumsusznanavesyadeya 110T4D50K

& P < & ‘
MR 4.1 wagn i 4.1 LanswanisiUSeuiteunaildlumsUssnanassning
danasiiy Apriori FUP wag BFUP wguiulean disfimsiindeyadiuiu 1,000 nsuweadu ity
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Tugwdeyaidiudiuiu 50,000 nswuwadu efiarsundsmnugniesvesamgniedunis
UssnaralasSuifivuiusaneiiu Aprior nansnageunuin BFUP Winadwsiigndes Aedl
dwu WRieduilawiudavifusnuGieiuilediueniivssnanaldandanesiiu Aprior uaz
FUP uenanil Wefinnsandsnaiilélumsuszanana sswui Wsvernalunsusananatios
nidane3fin Aprior egraiuldda wagldiaanlunisussananatiosnitdanesiu FUP dadedn
sana3fiu BFUP aunsauiuuss FUP Wannsaldiatlumsuszanatesasedrefivsz@nsam
Tnslannzatneds devaasuiumatuayudusiisiuau 3 é fie 0.2% 0.3% uaz 0.4% sudiuld
T Befmuamaivayutuserosanila wdaiuanuuandswesaiidlumsysanavets
3 Sanefiunnded tufe Betmuaratuayudusiesunnuitla Sane3fiu BEUP axBiléiaan
Yieunitdane3iiu Apriori way FUP snniuwvini

d <4 < v ' v a <2
13199 4.2 NamiLUSUUWIEJUnmm%‘lumsﬂsxmawamagam [10T4D100K s¥wieeanaIvy
Apriori FUP wag BFUP

manldlunisuszananands Buii)
O < g
v e AEUUEYUTUAT (Min_sup)
danasny =
0.1% 0.3% 0.5%
Apriori 1,218,728.9102 1,044,195.4851 823,997.0138
FUP 175,890.2901 19,645.1002 9,771.1612
BFUP 43 580.3014 11,678.5801 9,105.8170
Puunsieiunloiuge 17127 1,991 862
PINGIFAYDA kitemset NS s [}
I4T10DT00K

1400000

1200000

1000000
™ 800000
8 B Apriori
£ 600000 W FUP
< B BFUP
5 400000 A
bt
5

200000

0 - uP

0.1% 0.3% 0.5%

AWM 4.2 wiugiiwissuiisunainldlunisysznanavesyadeya 110T4D100K
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1NN5197 4.2 uaznmil 4.2 wanmanisUlsuiisunaildlunisussnanaseving
dane3fiu Apriori FUP uag BFUP azuiiulddn defimsiiindeyaduau 1,000 nswueadu il
Tugrudeyaiinudiuau 100,000 nsrungady Lﬁaﬁmsmﬁammﬂm?fawmmwnnﬁaﬂums
UssananalpewIsuiisuiudanediiu Apriori nan1swaaeunuin BFUP Iwmaawwanmaq fnil
U W3 Lmuw"lammszmmnummuw" wiuilaiuniivszananaldaindanasiiu Apriori uag
FUP uanainil mawmimmna'lﬁl%‘lumsﬂiumawa WNUN ’LmiuauL'Ja'flun'ﬁﬂs.,mawauaa
ni1danaifiu Apriori Wag FUP  sgauiulddn 1l Luawmsmmwamsmaaunumauuauwum
31U 3 A1 AB 0.1% 0.3% way 0.5% wtiulai aqm‘vruﬂmauuauumumauaamm‘lm el
mumwmmnmwammw‘lﬂumsﬂsumamaam 3 fane3fiunindedy dude Safmund
auuauumumuaamnmﬂm dane3iiu BFUP vgdidldlnaniseniidane3iiu Aprior wag FUP wn
Fuwithu mnaawaﬁléﬂwaLsuummnumiwﬂaaunwaua%mﬁn (110T4D50K)

4.4 a3Uunan1Ivnaas

NNN1veaesieya 2 ya fie yadoya 110TAD50K dwiuguteyaliu 50,000 v
ugAdy wasyndeya yataya 110T4D100K dmsugiudayaids 100,000 nsukeaty waziinig
qummu‘dmaua’twumﬂﬂmuw 1,000 mwummum‘lﬂiumuﬂauamumaawm Tunns
nAaBITLUINITIaNan1nnasseam iy 2 Useifiu ﬂanumwaqmmmmm‘lumsﬂi yUIaKa
wavnsiausgaviamiuanildlunsussinana mmmasﬂwamsmamm 2 Useidiuldwed

1. AuAQNADY 'Lun'ﬁwmaam'z'mgnmawamanaiwu BFUP g3dgldeanuuunis
wﬂaaummaﬂﬁaﬂﬂammJ%'EJULﬁauﬁuwaé’wﬁﬁlﬁmnmsﬂs $8NADAND3 TN Apriori uag FUP
Faman1snadeu wuin Sane3ftu BEUP 'waaaws"lumiﬂs"mawawnnmaa uuAs A91u7uns
muvﬂ,amuwmﬁ‘lﬂmnmsﬂsumawaLLauwu'maaamm k-itemset Winludana3viu Apriori uag
FUP

2. drudss@nsmndunaiildlunasussuaana lunisvadsy Hdulovaaay

i“awﬁn1wmu|,'aa'1ﬁ°l°z'flunﬁﬂszmana lngnsieuiieudiu 2 SaneSude Apriori uag FUP

mEjmauuauumaﬂwumnmanummu 361 A9 0.2% 0.3% uway 0.4% mwswauam 50.000
nIuLeAtY uaz 0.19% 03% war 0.5% dmsudeyayn 100,000 Nty Han1saaDs
W‘U’J"I dane3¥iu BFUP ‘lmm‘lumsﬂiumawauaaﬂ'maanaswu Apriori Wag FUP laglanigagna
B maumsmwummauuauuwmauaammﬂ,ﬂ ﬁ].,ENmumwmmnmwmnmﬁ“l“fﬂum'sﬂsvma
Y09 3 Sane3Tnnndiu TR aan’muﬂmauuauuwmuaammm‘lﬂ Sane3iiu BFUP 9zd4
THanieendndanesiiu Apriori wae FUP anntiuviniiy tulunszdn sanasiy Apriori uag
dana3fiu FUP mLﬁumaqumsaunuuﬂuﬂmm'l,amuwm’luﬁmwauamuvmq 39U 91U k S8U
Tuvnigidans$iiu BFUP wumsaunumwamammwmmamm i lnadawEnIeAIuLEan
uludmansvaassiiuandunsedl 4.1 was 4.2 dnfy Minuan1saassezdivlddn sanesi
BFUP enusateuiuusslssansnmassdanasiin FUP Ifeensiissavisna
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dyduazdaiauauuy
~(Conclusion)

5.1 dyunanside

n1svunilesdoya (Data  Mining) mmaﬂswunnnanmm MsAUMIBeAAN§Ly
ﬁ‘TU‘UE]:LIa (Knowledge Discovery in Database: KDD) L‘U‘uﬂia‘f‘U‘)‘umi‘Vlﬂﬂ‘lJ'liJ’ﬂ‘ULWE]ﬂuWTiULL‘U‘U
(pattern) mammauwuﬁwluLﬂaﬂuwumnaumnﬂvauaa‘lumauammummmalmaam‘[uum
511waauawﬂuwumnmwvma‘lwamnsmmmaswmmlﬂLﬂsau’lumimwu‘tm 2% A5
Lwﬂuﬂmsmmuawauamm‘ma“lun'mmsnvwnauanmNun‘*uumaaﬁmms nIIUNNGY
anmwummmmm‘lumwaaumsqmaqmmnmumamaum uazMsIATERTULIUNITe
aumwaaanmwumu

MsAUMINGAIELRUS uJuLwﬂuﬂwmﬂmmnizmumimmuawaua (Data Mining)
LwaﬂummmauwuﬁiumN?Jaua‘lumwuaua LLauaﬂﬂ’iULLUU‘UE]&J?IVIU’]&UIQIM@E)ﬂJJ']?JEﬂu'ﬁ‘ULL‘U
VOINYANUFUAUS if X _then Y‘[mawanmimmwan 2 Sumeulédud 1) msﬂum‘lamuww
BenimSimiuilafiugn szmﬂulamuwmwumauuauumnmwsmmnumauuauwum
(minimum  support) mﬂﬁmwum uay 2) msmwﬂmuw"lawmwmwmlmmnmau,snmai'mn;]
m'mamwuﬁ mngmmauwuﬁwmau‘lﬁ] avL‘Uungmmauwuﬁmmmmwamumnn’nmmmnu
ﬂ']ﬂ':'mwauu‘uum (minimum-confidence) 'Vlc'ﬂmmviuﬂ

Taeviluudn aanaswuwlmumsaamuu,a.,uJuwumﬂumsmmﬁumngmmauwuﬁ
Aadane3iu Apriori [3] wamaua‘[ﬂa Agrawal 8813154 maumsmemaualwuwﬂﬂu
muwauamu mmumngmmauwuﬁmmsms*uaa Apriori 11umaqmﬂsumamawauamwmwaa
gwdaya tufe nsmwauinaletfiuiwal LLa~aunumauuauwmamﬂuﬂmsﬂ,amuwm’lwu‘lu
YnY 50 mm‘lmamﬂ%‘tumwismawann’lwmnmummmtﬂu wazbifauseavninmlums
Iy

wiedensadendives Aprior Feliifiausnisuiuugingarmduiudidlefinisiiu
%’auaﬁm‘lwﬁﬁm'ﬂumu%maLﬁu Cheung wazAme [4] 17 lauedaneSiiu FUP (Fast UPdate
algorithm) wﬂuaanaswummumiﬂumngmmauwummumema mann’mwmaua’lwmm
11 Imamﬂaaaﬂmmsmumnmsluua‘lumwauamummmwmﬂssawﬁmw'lumsﬂumng
AUFUNUS Tufe FUP 2143 Lmu'lam:uLsamﬁ‘lﬂmnmsﬂszmaNa'lumwauachm e
mmuuﬂuﬂmmlamuwmvmumamnuﬂﬂaunu‘lumwauaLmJ AagIsn1sustnanafena I
% Fup ‘lmaa'flumiﬂsuu':awauaana'l Apriori

adslsfinu Tuuslazsey k iefinsfunuuauinaleinen il duaudnva s
Lmuw’lamuwmaqmwauamu unudtanlafiudndun ez anmlﬂaunu“lumuwauaLﬁmwniaw
k thuutada mnwumwaqmmﬂamuwm’lumu‘uauaﬂsuﬂsaumLmnu 5 (k=5) gaunureainy
91 FUP amlaamu,ﬂuﬂmmlammsmlﬂaunu‘lugwwagaLﬂusfaummumau 5 50U [WulREIiU
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Apriori Aefumsadl Swruneudenlefiudaignirluaunuyes FUP agfiswautiesndh Apriori
wiifu

iisanduaumsaunugudeyairulivieswouseunisaunuitiositgn §ive3eld
AnvuiteuFuusedanediiu FUP Wihaoulneiwdeswiuseuresnisusssnalugudeyaifuiies
SOULRED s‘z’iac’ﬁ%’alﬁmﬁ’ml,mﬁﬂmnﬁana%ﬁu Negative Border Afmsdaiuledtudaiilalons
Lmuw"lammsm iietiwannisaunugruteyaihu Aeiisaneifuiiufuussansammsvhay
U89 FUP u N'J‘\]EJ‘\]uL’iEJﬂ'J']@ﬁﬂE]SVIiJ BFUP (Batch Fast UPdate Algorithm)

— Hisemaaswaiudeyaduassidtuiu 2 yn fe yadeya 110T4D50K
dwiugrudeyaiiu 50,000 nsruneedy wasyndeya yadeya 110TAD100K dwmfugudoyaiin
100,000 ns1unwAdy uasinsisdaugadeyalmidilusiuau 1,000 suueedudiluly
gudoyaiinisassyn Merratuayudaaiiuandieiu 3 f fle fe 0.29% 03% uav 0.4%
dw3udeyaga 50.000 nsuusatu taz 0.1% 0.3% way 0.5% dwiudayaym 100,000 N1
wemty

wansvaaewuteanily 2 Ussiu Aeuszifivvasmugndaslunisuszinana uaznis
Tausvdvsnminunarildlunsysznana annsoaginansnagosia 2 Yssiuldde

1. sumiugnaes lunasvadeualnugndieavesdanesiiu BFUP {3daldeanuuunis
nadeungndatiaensiUTeuiisuiunadwsitldannsUszinanadane3iiu Aprior uag FUP
Fanansnaaou wuin Sane3iiu BEUP Tiadwslunisussnanaiignias

2. frudszanSnawsunanildlunisyszuaana lunisnaasy §3dulénaasy
UsgAvBamsunaniililunisusvanana TneniswSeuileusu 2 Sanesiiufe Aprior uag FUP
HANIIVAABY WUl danaifiu BFUP l4ailunisussuanatssnindanaifiu Apriori uag FUP
Tnelawwathaia diefimstmuaatuayudusiotosawils wedaiuariuandiegesianiild
TumsUszaaaveais 3 Sanesiuundsdu duie Betmuadaiuayudusitiosuniila
fane3iiu BFUP azdsldinantiosnindana$itu Aprior uas FUP unduviady duduwsizin
dane3fiu Apriori uag daneiiu FUP dlludesdinisaunuiaudnnlewiundalugudeyaifamng
70U $1uau k 50U Tuvaisiidanediia BFUP ssiinisaunugiudayaimuiosiaden Sl
radwsmehunadulufmanisuaaasiiuaadunsisd 4.1 uag 42 Ry nnanmaassaz
wiuldin Sane3fiu BFUP awnsatheUsuusesevinwuesdanesiiu FUP Ideensdivssavana

5.2 daLauauys

1. wwiRnluvesdane3itu BFUP luuwnAniiwengnufulgassaniameesdaneiiu
msfumngeamudiusiuuiiuvens Imaﬂ'ﬁwa']muamhmusauﬁﬁhLﬂuﬁmaunumu%’aualﬁu
Iﬂamimulamuwmwﬁiamamuw%muvﬂ,amumm‘uaamumfmaﬂ'iuﬂsﬂw,mauiau‘l'sﬁ]umsau
gaving mnuumm‘lﬂaunumwauamu LwanUﬂsamauuauwaalam:uwm udmaaeunisilu
w%‘lmuﬁlamuwmaag'm‘umgaﬂiws‘aanma aa'ml'snﬂ Sanasiu BFUP i Wumssuiiunisiu
ﬁauaﬁﬁnmﬁm{huﬂumu%’auawhﬁ”'u Friunuidefiannsavauidssenldmnduimiaded
YSudsalseavimwuasdanaiviu BFUP Iﬂ&]‘lwmmiﬂﬂi“mawalmnwmauaLﬂuwummnaum
T videdinmsuiulsudludaya
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Batch fast update algorithm for incremental association rule discovery

Araya Ariya' , Worapoj Kreesuradej”

King Mongkut’s Institute of Technology Ladkrabang, Thailand
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Abstract: When new transactions are inserted into an original database, the existing rules may be change. An incremental
association rule mining is an approach to deal with such problem. This paper proposes an algorithm for mining incremental
association rules, called batch fast update (BFUP). The proposed algorithm improves the performance of FUP algorithm by
reducing a number of scanning times of an original database. The experimental results show that an execution time of BFUP is

much faster than that of FUP.

Keywords: Incremental association rules mining, Association rule mining, Data mining

1. INTRODUCTION

An association rule mining, one of the important tasks
in data mining, is a well-known research topic that many
researchers propose a large number of algorithms for
solving association rule discovering problems. - This
problem was first presented by Agrawal et al [1] which
analyzes the behavior of customer purchasing to help
business make a decision. The results show co-occurrence
buying items called frequent patterns, which can generate
interesting rules. From that research, the problem statement
of an association rule mining is defined as follows.

Let I = {I,L,....I.,} be a set of literal items. DB is a
database which contains transactions. Each transaction T is
a set of items where T < I. Given X is an item and X c L.
Each transaction contain X if and only if X < T. Let X and
Y are an item where X ¢ I, Y < I and X n Y=0. Each set of
items , itemsets, is called a frequent itemset if and only if its
support is greater than or equal to support threshold s%. It
calculates from a number of transactions in DB that contain
X U Y. An association rule can be shown in X=>Y form.
Each frequent itemset can be made the association rule if
and only if it is satisfied by confidence threshold ¢% which
calculates from a number of transactions in DB that contain
X and also contain Y. Both 5% and c% are specified by
user.

After an association rule mining was revealed, it
motivated many researchers to extend this research area in a
lot of issues. An incremental association rule mining is the
one of an association rule mining issue which maintains
association rules when new transactions are appended to an
original database.

One research issue of an incremental association rule
mining is reducing running time of the algorithms by
minimizing the number of times to scan an original
database. This paper also works on this issue. An algorithm
for mining incremental association rules, called batch fast
update (BFUP), is proposed. This algorithm has only one
original database scanning.

The paper is organized as follows. The literatures of an
association rule mining and an incremental association rule
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mining are reviewed in section 2. The problem statement of
an incremental mining on association rule in dynamic
database and FUP algorithm are detailed in section 3. The
proposed algorithm and its experiment are presented in
section 4 and 5 respectively. The paper conclusion and
future work are briefed in section 6.

2. RELATED WORK

Mining association rules was first proposed by Agrawal
et al [1] which finds a correlation between itemsets in a
transaction database. The algorithm has 2 steps: finding
frequent itemsets (sometimes they are called large itemsets)
and generating rules. Subsequent years, Apriori [2], the
most popular algorithm, was proposed to discover frequent
itemsets.

When a database, called a dynamic database, is inserted
new transactions, frequent itemsets can be changed after
inserting new transactions into the dynamic database.
Therefore, an -association rule discovery algorithm for a
dynamic database has to maintain frequent itemsets when
new ftransactions are inserted into the dynamic database.

One approach to find the new frequent itemsets is to
rerun’ Apriori algorithm for the whole transactions of the
dynamic database. This approach is not efficient because all
the computation done initially at finding out the old large
itemsets are wasted and all large itemsets have to be
computed again from scratch [3].

Cheung et al [3] proposed fast update algorithm, FUP,
to solve a rules maintenance problem by using the previous
knowledge to find frequent itemsets in updated database.
The concept of FUP is re-using frequent itemsets of
previous mining to update with frequent itemsets of an
incremental database. Although FUP can decrease a
number of candidate itemsets for scanning original
database, it still needs to scan an original database k times
when new frequent itemsets are found. This can degrade the
performance of FUP algorithm.

In our observation, the advantage of FUP are re-using
frequent itemsets of a previous mining to prune itemsets
which cannot be-a frequent itemset, in updated database and
reducing candidate itemsets to scan in an original database.
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However, the disadvantage of FUP is the algorithm needs
to scan an original database equal to a size of k frequent
itemsets, e.g., if maximum size of k frequent itemsets is
k=5, FUP needs to scan an original database for 5 times.
From this problem, this paper proposes an incremental
association rule mining algorithm to improve the
performance of FUP algorithm by reducing a number of
scanning times of an original database. '

3. INCREMENTAL ASSOCIATION RULES
MINING '

3.1 Problem statement

In a dynamic database, new transactions are appended
to a database; accordingly, the previous valid rules may be
invalid. The problem statement for an incremental
association rule is defined as follows.

Let DB is an original database. An increment database
db is the new transactions which are inserted into DB.
Updated database UD is the combining between original
database and increment database, i.e, UD =DB w db. A
number of transactions of an original database, an
increment database and an updated database are [DB|, |db|
and |UD| = [DB|+db| respectively.

Before updating activity, L is the frequent itemsets in
DB if and only if X.support > sx[DB|. After updating
activity, L’ is the frequent itemsets in updated database if
and only if X.support > sx|UD)|.

According to Tsai et al [4], when news transactions are
insert into an original database, an itemset, i.e. X, can be
categorized into 4 cases:

Case 1: X is a frequent itemset in both DB and UD

Case 2: X is a frequent itemset in DB and an infrequent
itemset in UD

Case 3: X is an infrequent itemset in DB and a frequent
itemset in UD

Case 4: X is an infrequent itemset in both DB and UD

Form these cases of itemsets are mentioned above, it is
easy to discovered updated frequent itemsets for the itemset
of case 1 and 2 because their count in DB and UD are
known, therefore, an updating activity is a trivial task. The
itemset in case 4 is unimportant because it cannot change
an association rule. The most serious case is the 3 because
it needs to rescan an original database for updating its
count. Thus, discovering itemsets in case 3 is the most
important problem in an incremental association rule
mining. In section 3.2, the method to solve that problem is
reviewed and section 4, batch fast update algorithm is
presented how to improve a performance of FUP.

3.2 FUP algorithm

Apriori [2] is successful for finding frequent itemsets in
a database. However, it is unsuitable for mining in dynamic
database. Cheung et al [3] have been proposed an
incremental algorithm which has a good performance for
mining association rules in dynamic database. The concept
of FUP is reviewed briefly in this section.
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The operation of FUP has 2 phases: 1-iteration and k-
iteration where k > 2. In the first phase, an increment
database is scanned for finding candidate 1-itemsets C; and
its count. After that loser and winner itemsets are found.
Finding loser and winner itemsets, C, are divided into 2
types: a member and not a member of previous frequent
itemsets in an original database. The first type is updated its
count and pruned loser itemsets if its updated count is less
than s*¥UD|. The second type is scanned to an original
database if and only if it is a frequent itemset (winner) in an
increment database, i.e., its count is greater than or equal to
s*|db|. Both types which satisfy by them threshold can be
frequent 1-itemsets in updated database L,’(winner).

The second phase has 3 steps: filtering out loser
itemsets, generating candidate k-itemsets Cy, and finding
new frequent itemsets. Firstly, FUP filters out losers from
Ly (L in DB). Given Yel,and X € L, — L,.,>, Yis a
loser iff XeY. For the remaining L, , they are scanned to an
increment database and updated their count. Then they are
checked for finding a winner or loser itemset similar to the
first phase.

Secondly, Cy is generated by using Apriori-gen. Any C,
is pruned if and only if Y € C, where Y is the loser from
Li. This step is a key to reduce a number of Cy before
scanning an original database. Finally, new frequent
itemsets L’ are found with the same method as the first
phase.

4. BATCH FAST UPDATE ALGORITHM

In this section, an algorithm for mining incremental
association rules, batch fast update (BFUP) is presented.
The proposed algorithm is assumed that two thresholds,
minimum support s% and minimum confidence c%, are
static. This algorithm needs only one original database pass
and infrequent itemsets are not required. The notation used
in this section is defined in Table 1.

Table 1. The notation for Batch fast update algorithm

notation meaning
DB original database
db . increment database
UD updated database
s minimum support
L>® frequent k-itemset in DB
L® frequent k-itemset in UD
Cy candidate k-itemset
|DB| a number of transactions in DB
|db] a number of transactions in db
|[UD| a number of transactions in UD
X.count a support of an itemset
Temp_scanDB | itemsets which are scanned in DB

The algorithm has 2 phases: an increment updating
phase and Ja re-scanning ‘original ‘database phase. The ‘first
phase is shown in figure 1. At each iteration, an increment
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database is scanned to find candidate itemsets, i.e., C, and
their support counts. Basically, candidate itemsets are
divided into 2 types: a member and not a member of
previous frequent itemsets of an original database.
Candidate itemsets of the first type becomes updated
frequent itemsets, i.e., L,°°, if and only if their updated
support count is greater than or equal to s*{UD|. Candidate
itemsets of the second type are kept in temp_scanDB for
rescanning in an original database if and only if their count
plus [DBJ-1 is greater than s*{UD|. On the other hand,
Candidate itemsets of the second type are pruned if and
only if their count plus [DBJ-1 is less than s*[UD)|.

For generating candidate itemset C,, Apriori-gen is
applied. Apriori generates Cy with L,_,*L,.;, whereas BFUP
generates C with L,"® * temp_scanDB,.

The second phase of BFUP algorithm is shown in figure
2. After an increment updating phase is ended, all itemsets
in temp_scanDB are re-scanned in an original database and
updated their support count. Then, all itemsets in
temp scanDB are checked to find updated frequent
itemsets. Let X € temp_scanDB, X can be an updated
frequent itemset, i.e., L, if and only if X.count > s*|UD|.

Algorithm 1 An increment updating phase
Q)

Input : db,s,L”®,Cc;", |DB|

Output: L, P

1 |UD|=|DB|+[db}

2 k=1

3 scan db for all X

4 for all XeL,”™® or Xec;™

5 update X.count

6 if X.count 2 s*|UD|

7 X - LkUD

8 for all X ¢ L;™ or XeC;”®

9 if X.count+|DB|~-1 2 s*|UD|
10 X — temp scanDB

11 k=2

12 while (Ly,"® U temp scanDBy) > 1
13 Ck = Lyx1" * temp scanDBy

14 // using Apriori genf{()

15 scan db for all Ci

16 for all Xe Cy do

17 ‘for all X e L™

18 update X.count

19 if X.count 2 s*|UD|
20 X o L

21 for all X ¢ L® )
22 if X.count+|DB|-1 2 s*|UD|
23 X — temp scanDB
24 k++ -

25 end loop

26 rescan _original()

27 Ly = L,'° U tempL

28 return L,

Fig. 1. An increment updating phase
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Algorithm 2 a re-scanning original
database phase ()
Input DB, temp scanDB,s, |UD|
Output tempL
if temp_scanDB #
scan DB for all X € temp_ scanDB
update X.count
if X.count 2 s*|UD]|
X — templ
endif
return tempL

N oUW N

Fig. 2. A re-scanning original database phase

5. EXPERIMENT

The proposed algorithm in this paper aims to improve
the performance of FUP. To evaluate the performance of
batch fast update (BFUP) algorithm, this algorithm is
implemented and tested on a PC with a 2.93 GHz Intel Core
i7 and 3, GB main memory. The experiment is tested with 2
synthetic datasets which are generated by using technique
in Agrawal [1]. The first dataset is TI0I4D100K which has
100,000 transactions. The second dataset is T10I4D50K
which has 50,000 transactions. Both datasets are appended
by an increment database that has 1,000 transactions.

For the first original database, i.e., TI0I4D100K, the
experiment is conducted with 0.1%, 0.3% and 0.5%
minimum support thresholds. The average of an execution
time is shown in table 2 and figure 3 respectively. For
comparison, the results are compared with FUP.

Table 2. Average of Execution time for [10T4D100K

anumber | maximum
min aloorith execution of frequent
sup EONHIM 1 time (sec.) frequent itemset
itemset (size of k)
FUP 175890.2901
0.1% 17,127 Ly
BFUP 43580.3014
FUP 19645.1002
0.3% 1,991 L,
BFUP 11678.5801
FUP 9771.1612
0.5% 862 L,
BFUP 9105.8170

For the second original database, i.e., T10I4D50K, the
experiment 'is conducted with 0.2%, 0.3% and 0.4%
minimum support thresholds. The average of an execution
time is shown in table 3 and figure 4 respectively.

From the results of the both datasets, they are shown
that an execution time of BFUP is much faster than that of
FUP. Furthermore, we observe that the more size k is
increasing, the execution time between FUP and BFUP is
more different.
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Fig. 3. Execution time comparison for [10T4D100K

Table 3. Average of Execution time for [10T4D50K

anumber | maximum
min aleorithm execution of frequent
sup gort time (sec.) frequent itemset
itemset (size of k)
FUP 36012.0041
0.2% 5,307 Lio
BFUP 15402.0908
FUP 17695.8894
0.3% 1,995 L,
BFUP 12906.0013
FUP 12363.9417
0.4% 1 1,051 L,
BFUP 10866.7162
I4T10D50K
40000
o~ 35000
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& 30000 —
g
= 25000 - e 4
S 20000 +—
?: 15000 +— / o
s
10000 — /
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0 — Sup
0.2% 0.3% 0.4%

Fig. 4. Execution time comparison for 110T4D50K

6. CONCLUSION

An incremental association - rules mining algorithm
called batch fast update (BFUP), is proposed. The concept
of this algorithm is based from Apriori and FUP algorithm.
Although|batch fast update algorithm has an execution time
better than that of FUP, a large number of temp scanDB
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are kept. In the future research, the algorithm for reducing
temp_scanDB will be proposed.
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