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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.
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uni 1
UNUI

(Introduction)

1.1 MuuwazanudrAgyvaslynn

o w 1

foyaiduosduszneunisesszuumaluladansaumauaziunineinsidauddae
04ANTYNDIANT lagtawizegrabslutligtuiudugaiimaluladansaunaiinuiaiyidvle
famthas lidasdunnuiinihvesgunsaiidudoyaiiamisadaiiuteyauiuaminlée
suyuitliunsanntn SnviamelulaBussiedesiionnag fitaelunisiinseivssananatoyasuan
smmatuldnisluszesiiardudy winesdnslaanmsnihdoyauldldedrsnniuasian
Usglovtigegndenasanruldiufovlunisudeduliunosdnstug egelsid ufiiluiagiy
welwlagnisdaiudeyaszdieliosdnsaunsadaiudeyadiuiuuinliegefivss@nsnm us
Snsnslivseleninndeyatussasdidosnnilafioutudunudeya Faesdanud (knowledge)
Snunniidalalsihanlifinsgndousglungudeyasionan

weliansvinmileadeya (Data Mining) e?iqmm%'jqawgﬂﬂdnﬁm NNSAUNIRIARINS LY
g1udesa (Knowledge Discovery in Database: KDD) iunszuiunsiignisnldiledumsuuuy
(pattern) nioanuduiusiliinsdunuinneuiigndeustluteyadiuiuumimalaysnlusd
sunuuteyaifunufananaztielresdnsaansnaiannaldiueulunsudeduld e nisih
wadansiniiesteyaduntislunsiesgindugnidudifuivesuias nssuunnga
anfiifanuanusalunistedudiamagesimnduniessud uazn1sieneisuuuunisde
duAnveasgnandusiu

nsFuIngeLdTus (Association Rules Mining) dailiumatiafidfaynatianilves
nsiwmestoya lnenisAumnganuduiusazilunszuiunsfunisuuuuanuduiusves
FoyafiArtestuseninesenisdng dgniaiulflugudoys etauduiusildasuans
ponulusUuvuresngenuduius A = B Femuefis wnnisal B anfindundsaniiiia
wnnsel A W suuuungasdiusdsnaduiienlussdnsgsfamuaniithluiiasgsin
sUsUUNgRnssuNdentoduduasgnén

nsfunngeuduiuslaeiluagdsenausetunou 2 dundn thud 1) nnsdum
large itemset @sagldmatiuayuman (minimum support threshold) ilumildlunisnsiaaen
1 lewiuaslathafiileniaasiiu Large itemset 16 uag 2) nsadngauduiusain Large
itemset fimlFanndumeuiins Tneazldaanudediusian (minimum confidence threshold)
Tunsmsnaeuinglansdneglunguussngiunaula sl eratuayusan wagAnndediy
g fliazidudimun

TuszezusnvesnisAumnganuduiusaziunisaunngauduiusmeldauufignui
grudeyalsifinisiudsunyas (static database) Judelsifinisidiu au n3eudladoyaniely
giudoya mnidlefdsdsanmiunss sssumfvesgudoyaduiinaedniaiin au uazudloag



naonLIal (dynamic database) dsaziinalif Large itemset Taedunuiinisiudeuudasniunis
uilogrudoya faufsdnufestinussnanatoyarianiuarivisusudolingauduius
nsusuUitiauiualivegnasnnan egnlsffmsussnanadeyananiuasluisaufusily
Audessrezinalunmsdszananaiduegnann
ndgmidananniadufinivesmuidedunisifisversnisfumngauduius
(Incremental Mining on Association Rules) finenenudndusaneifiufivieanszesiiatunis
Uszaiagudeyaliy %qawuiﬁﬂaﬁuﬁazﬁwLauaé’aﬂa%ﬁumﬁé’umﬂgmmﬁ’uﬁuﬁlwuLﬁmmaﬁ
anszeznanlumsuszinanagiudoyaidulaessusziiuluiinisandiuiuseuveanisauny
FudayaiuanIuvateseulaaLeaTouLsen

1.2 InguszasAvaIn1singd

Al IngUszasALie
1. AnwAunidane3iuineatesiunisaumngANNaURUSKUUTLYEY
2. pRNKUULAENAaRLNaUSUUTITaNasAuMSAUMINg AL US WU UITRve 8T la

[
[y

NARNSNATU

1.3 YULINVBINITIVY

¥

MUl YeRnwinaziaiuiliulsalseansnineesdanasNuniasiun1sAunIng
AMNFNNUSWUULLUE18 (Incremental mining on association rule) Tdszagiianlunislasenis
FIYNAU 18 Lhou

1.4 YUADUNITANE

Fuporlunsinmaddomsdumngaruduiusiuudiveens Usenaude 3 dunou
wdn fal

1. Mvuaiite IngUsrasAlagraulunn1saLiun1Tidy

2. AW wnAnuazunANIATEIAnTesUNATe

3. 3YULSEILATINYILENETS

1.5 SyruANA

YY)

Tuamidded dnsldmiwiiamelunsinudanesiiudunsdumnganuduiusiuy
Wisiwens (Incremental Association Rule) Wlelsifinnudilanssiu gidelademdwifiddauay
fealdlunuidy il

Association Rule 38 nganuduius iunszurunsmsvuuuvesteyaiunalaly

gudeyauduanseonulugUvesnganudusius X = Y



Original Database wunefis grutoyasainisslignsniunisiiiu au vieuiulss
Foyalugrudeya TumideiaslFdydnualdu 8

Increment Database vsefls gntoyaniogruteyalnifiozgniiniilulugiudoya
/i (Original Database) lusmAseiarldddnuvaldu do

Updated Database nngfis grudeyadildsunisusuusauds dud
iindeyalmiiinlu wiooradiyadoyausdignauvdeusuusaudly Tuanyd
ub

o g1udoyaiinng
Jellaglddayanual

Frequent Itemset %38 Large Itemset wunefa wavaslowiufifiinudiisoniie
atiuayu (support count) mﬂﬂﬁm%mﬁﬂﬁuﬁ’]ﬁaﬂuayu (min_sup) ﬁﬁﬂ%ﬁmumiumuﬁmﬁu
dloiudnignisondh Frequent Itemset & azgninluatangamduiusiely

Infrequent Itemset 38 Small Itemset e Wwavaslowiufifinudisoniim
atfuanu (support count) teeninAdiatiuayu (min_sup) AgldimualunouEudu Fdlewiudn
flgni3unn Infrequent Itemset & a¢lsigniladiangauduiug

Candidate Itemset vanefs lowiaanddon iduyavesloiudniildainnisides
awditusveslewiumiidu frequent itemset Aeunth Tnsuaudianlewisndailfazgniily
naeuiumatuayumgaigldimun mnueudnaleiuendlaidmatiuayuninninimie
wihraduayuign azgnisenin frequent itemset udniimatuayutiosniimatuayuiign
LmuawﬂaLﬁuwmﬁafuwgﬂé{mﬁa (prune) U

Minimum Support %38 min_sup #1884 ﬁwaﬁuayuﬁwqmﬁ;ﬂ%ﬂuﬁﬁmmLﬁaisi’ﬂu
nMInadauANLEInsatun1siu frequent itemset vosusazlowiu

Minimum Confidence %38 min_conf ynefi nansidesiuman il dugiimue
wieldlunmaneaeuingauduiuslnsdungifanuiiauls

k-itemset nunefs lnvedloiuiivsenaudglomudiuiu k d lasi k> 1
AaRgU

k = 1 %30 1-temset mnefaenvedlowiuiivsznousmeloiu 1 ¢ deudousy
Tugu (A, B, C, D} 1ilo A B C uag D fioleufiu
k = 2 %30 2-itemset mnefaanvedloiuiivsznausmelowu 2 ¢ deudeusy

Tugﬂ {{A B}, {A,C}, {A,D}, (B,C}, {B,D}, {C,D} +Judu
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(Literature Reviewed)

NIFAUNINGAIUFUIUS (discovery of association rules) Heuldiusg1aunsnaelu
NANYAIU ImsLa‘wwasm?jqmﬁmeﬁﬂ'ﬁe??a%uﬁwmqﬂﬁw (market basket analysis) fifinuniis
anﬂiiiumis?}ja%uﬁmmqﬂé”rjn Lﬁ@gﬂﬁﬂ%@ﬁuﬁmﬁwﬁmé’a ﬂz??@%uﬁﬂmmu@iﬂﬁw Toleld
sssurAvasdoyafiinisifiutuedsdaiiios vlknganuduiusifufinsléudosiing
WasuUawmaluse

Tuwﬁf\]wﬂdnﬁqmwﬁﬁumumqs] fideadestunuidei fasznoude

1. mﬂmmﬂgmmauwuﬁ (Association rules Mining)

2. m'imemamiﬂumﬂgmmamwuﬁ (Incremental mining on association rules)

Ingluusasnguiiinvasidendall

2.1 mﬂuﬁmammﬁuﬁ’us‘ (Association rules mining)

mﬂumﬂgmmamwuﬁ (association rules mining) lsigniinaueiied 1993 [1] iield
Iumié’ummmamwuﬁwmau%iumwiameiuﬂgmaaﬂamLUuLLUU'ﬁami (transactional
dataset) vaillunanndaeansiildinauelu (1] Adnszumnisluiongenuduiusidusdl
AUl
| Huewvadlewiu e | = {iy, iy ..., i}
T Ju 519015 (transaction) Fausay transaction  Juwavedlewiy tufe
TCl wag T LLGiazﬁ'J%ﬁuﬁ'uéﬁ'Uﬁ’sizq (identifier) fi3un31 TID (Transaction Identifier) ‘V?l'jﬂif
ai’wmum'ﬁ%amENLwiazimﬁm%higﬂﬁwmﬂﬁmw Hufe uiazlowtuesdidndudnwas binary
variable fio @0 3o e
D 1Juwnues 518173 (transaction) Iugm%;ﬂa
ausdruals Tewty X Wulewislusienisudan fufe X1
ngAmdTuSzuanseglugUves IF. THEN rule sazuanslunuumesuves
X=>Y lag XCI, YCI wag XN = &
temsetlaq Hamsailuuanadunganuduiug X=>Y azdesiid1 support
s Fadudaudedidusivosdoya transaction Tu D fifvislowtu A wae B (AUB) thufio 1Tusn
anuuazsduiivzfaloru A uar B wioutu (PAUB))
daung x=>Y lnq fegidungiiuraula agsesiian confidence ¢ luiwnvas
Yoy transaction 1u D iile ¢ iuesidusvestoya transaction Tu D 7 A uéh dfesdl B she
Tueaunvzdusuuiieuly (PE|A)



V91 wuIAALAYIAUAT support  WagA confidence 1MFUN1ININY
anuduiusansanansbioglusvesnnuinvziluldnag

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

d113UA" support lazA1 confidence ¥39UNNATILIBNIT minimum support

Way minimum confidence

Tunsmnganuduiug avdfosnngenuduiusiingtuazsosian confidence uawan
support 1MNA1#1 confidence wag support firmuayluneuEHy Wil N1SMINOANNAUNUS
Usznaudensvhen 2 Suneu léun

1. N9 frequent itemset W (Find all frequent itemset)

Towiu X 19 fiawnsandu frequent itemset n3e large itemset liazdasiien
support #11nN31A7 minimum  support Aifvualiusiuusn Tufe (X | X.support = S
e vestunout AN Large kitemset 3 {Ly,Ly,...LiJ 04

2. mia%’mﬂgmﬂ frequent itemset fAldunainnisiua (Generate association
rules from the frequent itemset)

Tuﬁfj’jumwii‘]umia%’wﬂgmmé’mﬁuﬁ‘mﬂ Frequent itemset #3® large itemset 71
MnTuneuT 1

TuuATENAUNTAUMINYANUFUTUS (Association rules mining) Sane3fiunlasu
Anuteunuunlglunsmnganuduiushe Apriori [2] anunsaesunglanadl

Apriori Algorithm [2]

Sane37iu Aprior Wudanesfiufireutrsfiunumuasdufiteslunuddedunismining
association rules Sane3fiudasiinisiuiam large iternset wansl@manind 2.1 lunisviiau
Apriori A scan Wfiag transaction Tugmﬂé’imﬂa Tnefinsaugmansnds Tng large k-itemset (L)
Frwnll@urazseu 9zAUINAIN candidate k-1 itemset (Cy) Fuduludnwaznisinauves
level-wise-step Tun15AIuIUMAT large itemset yesdanesiuiazuinisiaueeniu 2 Sunou
wan laun

1. fumouns Join (join step)

Wudunewlunisih L, (k> 2) 1¥nng join operation Wiea$1e C, Fagldlunis
A L aeluseudaly 1wu G, 1au121nn1597 join operation 58139 Li*L, naFah G,

'
o

afwnalaluyiinigm L, (aensiuseudisuiuan minimum support) Wield L, Aagyi join
operation 581314 L,*L, Wielils C; sl Ls iWuddudnly wazavsinauliises

uAsEe G = & n19¥i join operation uanslafanIwi 2.2



2. FumauUNIT prune (prune step)

Wutuneuildlunis prune itemset 1849 C, Lilofia13aI itemset NTAnENUR

WJu L uRe itemset Im Tu G 7 X.support < min_sup 3¢n prune 990U uag itemset 9
I & A . [ [ 3 Y o a

e (F3lA1 X.support = min_sup) azaatu L, 7unaun1s prune step Lansladanini 2.3
mumimum'immmmammm itemset 13691l “memu,szjm 294 k-1 itemset Tae Tu G il
Duaan@nues L, uda itemset thiq axlilanansadu L I8 Ssewnse prune itemset uq oon
90 G la”

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

2) for ( k=2 Li—y #0: k++ ) do begin

3) C'x = apriori-gen(Lig—1): [/ New candidates
1) forall transactions t € D do begin

5) C: = subset(Cy, {); // Candidates contained in ¢
6) forall candidates ¢ € ('t do

T) c.count+-+:

8) end

9) Ly = {c € C} | c.count > minsup}

10) end

11) Answer = U‘_ Ly:

AN 2.1 ASAUIW Large itemset ¥®3Apriori Algorithm

insert into

select p.item,. p.item,, ..., p.item_; ., g.itemy_,
from Li—1 p, Le—1 g
where p.item; = q.itemi, ..., p.itemi—2 = gq.itemy—2,

-

pitemy_; < g.itemy_;;

AN 2.2 TURDUNITV join step

forall itemsets ¢ € (. do
forall (k—1)-subsets s of ¢ do
if (s € Ly—1) then
delete ¢ from C';

ANH 2.3 JURDUNIIVIN prune step

FolaseAudunounism Large itemset uwéa wmaumlﬂﬂaﬂ’rﬁmﬂgmmamwuﬁ LYy
AR minimum support waz A1 minimum confidence ifmual deraesisnanasiivag
5813 0 — 100% ynngeudusiuglag Aduluaiuan min_sup uag min_conf fanda azda
ngiudungfivnaula viengiiduuds (strong rule) lumenduiu mnngauduiuglae sl
Julumue min_sup waz min_conf fanann agdndingiudungfilivaulandedungd
99U (weak rule)



Jo1dyva9 Apriori

1. dududiosdinng scan gm%;ﬂammaﬂ% wazdin1sa3e candidate itemset 91143u
10 Tunsdunsiazsey Jeilildnarlunsussinanadoutnaun Seilvdnsandum
dano3fiuiivasannisaing candidate itemset Wag annn3 scan §1udeya

2. limsnzandmiunisairengeaiudusiug Adeyadudnuay Numeric wio
Boolean

3. mndinsdfiusiensteyalml Whlulugiudeya azdomn ngamdusitusinse
n13 scan giudoyalon

2.2 ﬂ’]iLﬁmJEJ’]EJng]m’mﬁsJﬁuﬁ‘ (Incremental mining on association rules)

595UVIAVDY Dynamic  Database 'i’lEJﬂ’lisi’JJEJuua (transaction) %Qmﬁm%’mﬂu

giudeyaegnaenaan JailiAangaudiiuslmidunadlafietu susdertu ngaruduius
Buenaaznaredungitldrauladndely wanisaififstudefnnsfindeyaitnulnl
Usenaude 4 nnsal [3] fail

1. itemset ‘17‘1|L°‘f]u Large itemset Tu gm%’aaﬂalﬁm Famadu Large itemset Tu
uteyalvaliguiy

2. iternset Ty Large itemset Tu gm%’aaﬂalﬁm Waswdu small itemset Tu
guteyalv

3. iternset 71 Small itemset Tu gm%’aaﬂalﬁm Wasudu Large itemset Tu
guteyalv

4. itemset M8 Small itemset Tu gm%’aaﬂalﬁm Fenadu Small itemset Tu
uteyalvaliguiy

lumsinhigennugnaesweingAuduius (maintenance of association rules) 34
Julymddyy 733 3evaresenenemdnwviisnudlatymdng fuideadul Id

v
av aa

AnvanATenfgItaInunsAUINgANUANRUSLUUNLYENE Ratl

FUP [4]

Sano3fiu FUP (Fast UPdate Algorithm) tusnudsuusniidiiausinaiinnisv
incremental updating technique \fie maintenance association rules Lﬁ'aﬁmﬂﬁm%yjﬂwﬂ
anlugiudeya mavihauves FUP endendnnisieadu Aprior d9agiinisviiauvaissou
TngsouuInazidusiaug 1-itemset TUads kitemset ailsanasfiuiasvhaumeldnseyuiui
A7 minimum support kazA minimum confidence Al

mnumIevesdaydnvaine Adlusanesiiu FUP fiseaxidondeil

DB 1889 original Database
db #u1whs increment database
D #1889 97U transaction ﬁﬁa&uﬂu original database



d e 971U transaction ﬁﬁa&uﬂu increment database

s ¥N1e8 A1 minimum support

Ly wueDs Large k-itemset Tu original database e k=1,2,...

L’y #1889 Large k-itemset lu updated database (DB\Udb) dlo k=1,2,...
X.supportp #1889 AANLE (support) ves lowiu X Tu original database
X.supporty Y8 AANLE (support) ves lowiu X Tu increment database
X.supportyp M09 A (support) UD3 Towiu X Tu updated database

FUP zuusn1svieueenidu 2 dundnde First iteration wag Second iteration and
beyond swazBentunaUNTUYes FUP Tedesdiy asunesi
1. First iteration
nsvhedludani szsdunsm prune Tewiufiidu loser item waz wleuiudidu
winner item e?fui‘]u Large 1l-itemset
1.1 scan db LileviinsUFuugae support veslewiiy iite prune lewiuiidu
loser ool warmlowiudlu winner Tnefivdnnsfinnsandei
1.1.1 n3el X €L, Wihe support veslowiu X lu DB uay db w15y azle
X.supportyp = X.supportp+X.supporty mﬂﬁ'juvhmim’maaum support 7ilél Tne
&1 X.supportyp = s x (D+d) wanadn lewiu X e 1u winner item
uaglit X L,
&1 X.supporty, < s x (D+d) wanei lowfiu X tuq fu loser item waz
2% prune Tauiu X Juiisly
1.1.2 nsel X €L, 2gdn1sNa1sadn 2 @3 A
1121 prune lewitudtlifilontadu L, 18 Tnefiansanain XL,
uaz X.supporty < s x d uansilewiu X th 1fu loser item 2z3im3 prune Tewiu X duiialy
Fs9ztiwandiuaunis scan leufin Tugnudeyaidu
1.1.2.2 asavaevlewiufidleniadu L', Inefiarsanain XEL, uag
X.supporty = s x d T lewia X fananaly scan Tu DB anthuFairAn X.supportys Tikdan
as1vaeuIndu loser item 50 winner item lag
&1 X.supportyp = s x (D+d) wanadn lewiu X fue 1Ju winner item
wazli XE L,
61 X.supportyp < s x (D+d) wane31 lewviu X ﬁ'jus] \Ju loser item 2
M3 prune lowiu X thuialy
dlowaSadunsyuumsvinadluseud agla Large 1-itemset (L’;) lu g1udoua
Viﬂ%’UUEQLLﬁ’J (updated database) Hetinsruaunsvihanlusev first iteration Lo large 1-
itemnset voe FUP wanslawannd 2.4 wazdane3fiuuansnisvhailuseu duandldsanmd 2.5



losers candidate set C, scan DB
o find X.supportp
DB
X.suppond forall X e C|
;cban . >= sd? X.support yp >=

X.support yp 2 s(D+d) ?

s(D+d) ?

losers
8
large 1-itemsets

winners

winners

AN 2.4 nsEUIUN15Yinauluseu First iteration 999 FUP

2. Second iteration and beyond

nsvieluguiezi@unism Large kitemset e k = 2 Fsazildrunis 73
WENATYIUAATD first iteration tuRentsuileiuiidu loser fldaunsaiiu L, wivannis
scan kitemset iie k = 2 Tu db Tnsendauuadadidn “drleuiu X Taq Mdu loser item Tun1s
Uszananaseud k-1 (e k > 2) udn itemset 10 vos L lugruteyaimuidlowiy X fanaradu
subset agagliannsaiiu winer item lusoudl k” 91nuwaAndsna Tu second iteration and
beyond axiinsviausal

2.1 1 itemset  TWduaurFnues L, waz L', Jufe w1 itemset 78y large
itemset miummauamu uay guteyanuiuUsud

Fumouilay prune loser item filiianunsadu L, iieansuleiaiioy scan

Tu db TneRansanan Y = LU (lewiu Y Tng Aiduaudnues L, LmhmJuamGUﬂsum L’) 1
feudle X € L, fiflowin Y Wusuin avlianansadu Large itemset 16 datfu lowin X danan
22N prune fialu

A9E4
L, = {AB,C} L', = {ACD} L, = {AB,AC}
L, - L =1{B}

nFegne azdiuld 8) Wuaundnlu L, wildhfuaandnlu L, de itemset
To 9 Tu L, 7l (8} Huau@n itemset tuq azi3en Loser item wazgn prune oanlulnglidas
¥l scan lu db  @997n80879 itemset Tu L, 913 (8} Wuduinnie (AR} §ei (AB) N
prune 88NN L, Wae L, Ismndedudnegfe {AC) 39 {AC) 3zgnily scan tu db Lﬁ@ﬂ%’ﬁﬂﬁqq
A1 support
Tun1g scan aundndimaslu L, winwui
* X SUpportyp 2 s x (D+d)
itemnset 1w 9z138n91 winner item w&aae ggninluiivlu L,
¢ X supportyp < s x(D+d)
ltemset uuﬂ 9w159n17 loser item Nag gn prune ‘1/1\‘111J
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2.2 ¥ new Large 2-itemset (L’,)
Tudumeuifziuuin candidate 2-itemset (C,) A8NIT join operation
sewing Uy * L', vitenly scan Tu db uagw L2 Tnefiansandel
221 NSl XE G, uay X € L7,
Taigoni lowiy X fananly scan lu db wiesain X WHugundnves L,
u& @efunildanduneud 2.1)
222 NS XE G uay X & L7,
Tl Tewin X fananal scan lu db uaInsIaaeu
¢ {1 Xsupporty > s x d
Wit lowiu X fanaaly scan Tu DB udrusuUgeAn support uaa
ATWABUMANUIN X.supportyp > s x (D+d) uda Ihdnlewiu X Tuduaundnves L,
* &1 X.supporty < s x d
1 prune Tewiu X eanan C, wazlineei X 1U scan lu DB
dloaSeautunoud 2.2 nadniiléae L',

2.3 AT WIULRLINUTN 2.1 1ien kitemset (k=3)lusaudnld

ALAUYBY FUP
1. dmsiuradnsannistudislugrudeyauuldsuiugudeyalvaifiiadnn
2. @u1sand I Candidate itemset M1agtlUly scan Tugnudoyaisiu

daidevas FUP

1. annsoldnuldlunsduomafindeyalmidilulugudoyadusingy Sildansn
lglafiunsadinisau uwagn1s modification lugmudeyala

2. Sadndudesiing scan grudoyaiin Wlem new large k-itemset luynseu k

Negative border [5]

Sana3fiu Negative border 1usuidefidnuwisafuilyninis maintenance
association rules Inedanesiuiannsanszinlaly 2 nsdiae ﬂ’liLﬁN%@;ﬂﬁiﬁﬂL%}%Laz WarnIs
aufeyaiiioonluangiudeyaiiu faidaneifiutazshaunigldniseyunudt a1 minimum
support WA minimum confidence A3l

Nann15ve4 Negative border A agdinsiAuan C, WG €L uas G & L, 108 G
& L, 921381071 negative border @9g191T1

G ={A,B,CD,E} L, ={A B, E}
Sty negative border ¥09 L; %39 NBd(L,) = {C,D}

NFeEe ansaeuluguvesaunisiaeiail
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NBd(L) = C - L, %39
Ce = L U NBd(L)

[
a

ANUINBYesdanwalnltlusane3viu Negative border fisieazidunaail

DB MDY original database

db WUNBAY increment database

DB W8R8 updated database

> nuNede large itemset Tu original database
L nunede large itemset Tu increment database
L e large itemset Tu updated database

NBd(L) 1889 Negative border 984 large k-itemset dlo k> 1
NBA(L™) wuneds Negative border lu original database
NBd(I_db) e Negative border Tu increment database
NBA(L™) maneds Negative border Tu updated database

s e itemset 1nq Tugrudieyaiia DB, db uaz DB’
s.count  MUNBES ﬁ?ﬂ??ﬂﬁ%@ﬂl&ﬁm S ﬁLﬁﬂ%{u

tos(s) WneEs $1uan transaction Tu DB fidilewiy s iuaundn
tyu(s) WNeEs $1uau transaction Tu db fidlewiy s (Wuaundn

Fumounsveuwes Negative border asutsnsvhausenidu 2 @ fodruvesnis
Windeyalual (Addition of new transaction) wagludiuvesnisaudeyaiineanly (Deletion of
existing transaction) §ane37iu Negative border wansfaning 2.7 neluusazaiuiseasiden
T

1. Addition of new transactions
Fane37iu Negative border uansianmil 2.7 eiiswazidoanisvhanusied
1. YSuugean support Wiy itemset Fvduawdnves L. waz NBALY) u
Futoyalay
13191AN15 scan transaction Adulugiudeyaiiie Audum large
itemset Tu db (L.™) Tuvauziiganuliinn1susulgean support ¥a9 itemset Fdu L uay
NBA(Ly) Tugnudeyaidude anihdsivinisfiansanded
11nss €L

01 tog(s) + tals) < min_sup X (tpg+typ) T prune lowiy s TJuaanann
DB

1 tos(s) + tap(s) = min_sup x (tpe+tes) WNlowWin s Wnduandnues
DB+
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12n5as€ L™ wazs & L waz s € NBd(L™)

1 tos(s) + tau(s) = min_sup x (tpe+tes) WNlowWin s Wnduaundnues
DB+

2. M9 nyiN1sUSUUTeen support kA Ly wag NBd(LY) lugiudeyalsy
Beufesudn (Mntuneudl 1) nadwsiiléde large itemset Tugrudeyausudgs (L) anduas
nsiUssunuLansnawes itemset Tu L™ waz L i

21038 L7 = 1™ (lifinnsiUBeuwes itemset lu original database was
updated database) nueds itemset fifuaui@nves necative border lifin1sidsunuas u
Ao NBA(L™) = NBd(L™")

22 n5d@ L =L (ﬁmuﬂﬁaumm itemset Tu original database uay
updated database) nu1eds itemset filuaunTnues negative border fnswdsuwlas Tude
NBA(L™) # NBA(L™") Tivnisiuae Tndllagldiaddu Necativeborder-gen( L™ uansléis
A 2.8 Tasnstiie Lo Wuewaamn NBd(L ) Tuusiazsau k a1y levelwise

3. 9nduneudt 2 Wedwamadr NBd(L ) Feudesuda azthan L U
NBA(L ) esgiudeyainunuiou L U NBdlL, ) Wsudugiudeyalus ilegainy
Wasuwlas 3981 L U NBIL) # LY U NBAL ) ag#1n151A1 necative border
closure 499 LDB+ Wazagyin1s scan gm%’a;ﬂaLauﬁﬂﬂ%’ﬁﬁaﬂ%’uﬂ@mﬂ L waz NBAIL)

function Update-Large-Itemset(L”” NBd(L"?), db)

//DB and db denote the number of transactions in

the original database and the increment database
respectively.
Compute L%
for each itemset s € L”? UNBd(L”?) do o
tar(s) = number of transactions in db containing s
Ll)ll-{- 5 (D
for each itemset s € L”” do
if (tpp(s) + tan(s)) > minsup = (DB + db) then

LI)"« et LI)H+ Us
for each itemset s € LY do
if s € LPP and s € NBA(L"?) and (tps(s) +
tap(s)) > minsup * (DB + db) then
DB+ DB+
= Us
if LPP # L';{”’ then ,
NBd(L””*) = negativeborder-gen(L"” ")
else N'Bd(L”B+) = N'Bd(L"?)
1’f Ll)li’ U.‘\"B(I(L””) # Ll)lf+ U,‘\"B(I(L’)"*’) th(fﬂ
S = DB+

repeat

compute S = S UNBd(S)
until S does not grow
LPP* = {z € S|support(z) > minsup}
//support(z) is the support count of z in DBUdb
NBd(LPP*) = negativeborder-gen(L”?%)

AT 2.5 9ane3uves Negative Border
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function negativeborder-gen(L)

S])lit L into Ly, Lo,..., L, where n is the size of the
argest itemset in L
forallk =1,2,... n do

compute Cy. using apriori-gen{L; )
LUNBA(L) = Ui—s - Cyr UI, where I, is the set

of 1-itemsets.

At 2.8 Farsdu Negative Border-gen

2. Deletion of existing transactions
lunsalffideyagnavesnain grudeyaiiiy aziinisdiuimd L uay
NBA(L™) gl $henisiiiendn s.count Tu db unauesnann L. wae NBd(L, ) wdinsiadaun
5.CoUNtpg.qp NUAT Min_sup * (DB — db) AN UTuRuR 1-3 Iuﬁamaam'ﬂﬁmia;ﬂﬂmj

(Addition of new transactions)

ALAUVDY Negative border

1. fnsld itemset M negative border Wusadindulaluns scan grudeyaidu

2. {015 scan gm%’auﬂatﬁmﬁﬂm%u’uam Tunsdid LY U NBdL) # LT U
NBd(L, ")

Jaidaveq negative border

1. Widemelunsalitldd new item 1indu

2. 115% negative border closer Maanuilunism L, isnzdesdinsugmaieseu
Wielild L = L U NBdIL) favan

3. G’Taﬂﬁi‘i’fﬁuﬁlﬁw‘ﬁ@uﬂaLﬁﬂJ‘ﬁULﬁ@IﬁLﬁUﬁ’l negative border
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2aN3NNNITAUNINGAMUTUNUSHUULNNVETY
(Batch Fast Update Algorithm)

N1SAUNINYAUFURUS Li‘Jumaﬁﬂﬁﬁwﬁfmaqmzmumﬁﬁwmﬁaa%’aaﬂa (Data Mining)
Wlefumanuduiudseninsdeyalugudeya waratnguuuutoyaihiaulalresnuteglusuuy
YoenQAMUFLTLS if X then Y Ineindnnisvaundn 2 suneuldun 1) msfumlewiudnd
Fondmtieiusilowiudn dadulefiuendiidaivayuunnimdeminfuiatuayudusi
(minimum support) figldrimun uaz 2) msthEieiuilewiudniivlsandeusninasisng
AuduuS Fanganuduiusinaula awdungauduiusifmarudeiuninniviewinfu
Aaidostudiush (minimum confidence) Agfldimun

Taeluud é’aﬂa%ﬁuﬁié’%’umﬁsam%’uLLavLﬂuﬁﬁaﬂum'ﬁﬁﬂmﬁumﬂgmmé’mﬁué
Aadaneiilu Apriori [3] mmaua‘im Agrawal Inglunisiuninsiaiuleindnves Aprior 9%
Usenouseduneuiidndy 2 Suneundn e nisidexlewfiuidn (oin) uagnisda (prune) lawia
dnldilenmadungiefuiledtdaiialy egnelsfid Wedinaiinndoyalvsidlulugudaya
P msdumngeudiiusiaeTBnsves Aprior axfenhusznanadoyaamuafioggudoya
thufo mauaudiaslowiuenln uagawnumatiuayuvesnaudianlewiudslvalunng sou
Foilinanildlunsdszaianagnldunniiuanudndu wazliiinuszansamlunisieny
snfog1aty aunAinsyateyalvddiau 3 yaflazgniiiadiggudeyaiiiu Tuminefis win
maqmiﬂiuﬂiaﬂgmmauwuﬂumq ﬁaummmsl,wmama%ﬂmLsmm Apriori AgfBUsEUIANE
gudeyariaiuarlmifufusud 3 sou

shetesesfananives Aprior Fslafifinauenisuugangeuduiudilleinisifia
Toyayabnadidunltugiudeyaiiu Cheung wavame [4] 10 awedane3fiu FUP (Fast UPdate
algorithm) S fusane3fiudmiunsrumagauduiusuuuiiinues Wednsifsdeyalmsiii
11 lagervesannuifnainisluddugiuteyaifuunsiefinuszansaiwlunisfuming
Anudusitus dufe FUP agldwTiatulewindniliainnsussananalugiudeyaidu undioan
Suunaudnsloiudniiazdosgmirluawnulugudoyaiiu se¥SnsUszananasdinaniai
191 FUP Taanlunisuszananaiiounin Apriori

ogalsfnm luusazseu k iledinsAunuuauiinnlowiuendlili duandnvoms
wiuilewiudnvesgrudeyaiiu uaudinslodiudntug axgninluawnlugrudeyaiumnsevd
k thuudadn mnvunavewBiafulewinealugudeyausuusefidnsiniu 5 (k=5) deumuneay
1 FUP wéfaqﬁmﬂuammlmﬁmL%m”l;daLmu‘lugm%’aaﬂaLammﬁwmuﬁ’jﬁu 5 50U LYULALINY
Aprior shafunsadl Sruuuauaaleiudafigninluawnuves FUP agidurutiesndn Apriori
iy

iioanduiumsaunuguteyaidlindesuiuseunisaunuitesdian §isedals
Anwuileusulgsdaneifiu FUP livihaulnemdedusouresnsuszanalugiudeyaifuiios
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seuLRe IngdanesiunuTuuseuseansamnisvinnures FUP 4 §idgazisunindanesiiu BFUP
(Batch Fast UPdate Algorithm)

3.1 YoNIVIUALUBIAUVBID AN ITNY

o
= v =

medane3iu BFUP (Uudanasil :mnaeﬂ,ummaamumiﬂumﬂgmmamwuﬁ AT

v
v

FosimunauuAgiulosiumumdnnisiugusiluveansfungamdiiusuuuiiisvenesl
1. MsfruarmagauLlaIiulind
lun1spuminganuduiuslaenily dameaeuilesiuiugiu 2 A1 danmualagly

<9

laun AEuaLUUsT (minimum support) WAZAIALTDITUTUAT (Minimum confidence) Tu

(%
=1

ATeaTUll 9an037L BFUP 2sUssinanameaz i nuaanaaautlasdusinalidusinei
laifinsuagunuas

2. FermunaiigafunsuFulgegrudeys
MsfungAIELUSLUUINYENe axieadestunsiasunlamesgudeyaiiu 4
Tagvhluudansiasunlamiemsusugigudeyaiiy azdinsuiusadasuutase 3 dnwas
Lo
- naisedeyalyaidnlulugudeyaifuinsert)
- Msaudeyaiineanang udeyaiiu (Delete)
- msuFudsaunludeyalugiuteyaisia (Update)

Tusuideadull azdunsfinwinisuiulgelss@nsamassdana3iunisfuning
AudTusLUULinveglanzlunsalusn Aensainiinisiinyadeyalvditnlulugudeyaiiy
Wit

3.2 ddnualdneg Aldlunuide

LwaimﬂuwLmﬂf\]maﬂummumama wauifmﬂwmm%aﬁ’uﬁ LRI

[

Fanualnnge Wiaum'}wmaﬂsﬁumm% Lwaimﬁﬂmmﬂamqnu il

deyanual ALY

DB §1utayaLdy (Original Database)

db guteyalmivideyndoyalysl (ncrement Database) fignidi
wihlUlugudeyaiiy

uD g1uteyauUsuUss (Updated Database) dadugudeyaiigu

Toyariuazgutoyalvaisuiussuiesuad UD = DBUdD
IDB| uunsuusatuluguteyaLay
|db| uaunsuusatulugudeyaln
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|UD| Puaunsuusatulugudeyausuuss |UD| = |DB|+|db]
s AEduaLUUsT (minimum support)
LRE Wi iulowiudnvesgiudeyaiy
LyP Wiwniulowudnvesgudeyausulss
cpe wauAanlowudnvagiudeyaiiu
cap weufanlowungnvegiudeyall
cuP wauAanlowungnvagiudeyausulss
X.count Aaduayuveslewinds e X Aslowiudslae
a 2 & o 2 yvy A o v a
Temp_scanDB wausnalowindnngninul et luaunugiudeyaiay

3.3 QUAIUNISNINIUYDY BFUP

Pane39y BFUP Usenoumignszuiun1sinauman 2 nseuiunis aun nsussuiana
gudeyalvd (Incremental updating phase) uazn1sawAUFIUTBLALANENATY (Re-scanning
Original Database Phase)

3.3.1 Yumaunsuszatanagudayalvi (Incremental Updating Phase)

[%
1Y

Funouil asdunisuszananagiutoyalml iielild wieduilowndnvosgrutoya
U3uU3s (LYP) uewfivan 1-lewiuidnvesgiudeyausuuss (CYP) uazunudinnleowiuniiazgn
ihluaunlugudeyaifs (Temp_scanDB) InstuneuiiazUsznoudenisviieu 2 nszuaunis
$un nsUszsnanaseudl k=1 uavn1suszanaseud k Seneue 2 uly

Tudesdu deufisanaifiu BFUP azUsvinanaludiuresnmsUssunanagiuteyalnsl
wdoslinsUszanagiuteyaiduitolilatadwsisndudedld laud vSiniuriloiudnvos
grudayawiu (L2F) uaufan 1-lawindsvasgiudeyaiiia (CPF) QWﬂﬁUﬁﬂﬁ]BLéML%’]@iﬂ’liﬁ’N’lu
vo3daneifiu BFUP fail

N15%1971u59UT k=1

" aunugrudeyalusi (db) evneatuayuves 1-lewiudanni (C2)lugrudoya
gl

" dndy cMmduaundnues CPBvIeluaundnuos LB Tfvinnisuiuugeen
advayuveslaiugs

= ihenatuayuiiusulaudannsndeuiuaatuayuduse (minimum support)
vi3e s T dlawfiudelag daraduayuwnnniwiewhiumaiivuayutum lewudntug azgn
ihliAuluduys L2 usmnlewiundela dfenaiuayutosniidatuayuduii loiudaiy
agniuiAvlududs VP ieluldlunisussinanalundeluidefiniaifiudeyayalnidnan

" dmfu cAl M TuanFnves P8 wazluldduaudnves 28 lowiuwde
AINAIALYNAIUIN é’wmiﬁummaﬁuaqumml@Lﬁm%mﬁy'uq vIndedununsuLeatuly
guteyalin wiaueense 1 tfufe X.count+|DBJ-1 ity thnadnsilaluseuiisusuen
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atuayuTuIvesgIutaLaUsuUTe (s¥UD) FennadnsalalAminnimieinduaaiuayu
voeg1udayauiuyss lewudntug asgninluiuliluduys Temp_scanDB titesenisuily
aunulugrudeyaiiuluseugaiing

199U kS 2
nsUsvananaluseud avlunsussiatniulusa k seu sundeghiaansadenle
Wianda Goin) 1880 Tnedumeunisvianuluudaysouduged
" ahauaviealeiudnvesgudeyalw (C2) shonisidon (oin) lewiiudalneld
wdnn"g Apriori_gen() udvzuanesansiexlewiuidnvesdane3fiu Aprior nsafl BFUP 29
nsideulowiusening (LY2, UTemp scanDBk J* (LYP \UTemp_scanDB, )
" aunuguteyaln (db) Lwammauuaymm C
" dmiu CaduannTnues 128 Wivinsuuusseaduayuvedloiugn
= iheatuayuiiusuludannsndeuiuaatuayuduse (minimum support)
vi3e s T dlawfiudelag daraduayuwnnniwiewhiumaiivuayutum lewudntug azgn
iluiiulududs LYP
" dwisu ¢ lilsiduanndnues 128 lewiuidndananiazgnauom ZECHREPYDY
mauuaumaﬂammwuuq vanshednumsuueedulugiudeyaiiy whaueensie 1 dufio
X.count+|DB|-1 91n1u mmaawwiéﬂ,ﬂLﬂismmsfuﬂumauuaumummmmmamaiJimJﬁa
(s*|UD)) FemnuadwsiladannnnimIomifumatuayuvosgudoyauuuge 1ammezmuuﬂ
azgniluAuliluduus Temp_scanDB iesenmsthluaunulugiudeyaifslusougaving

nadwsTldnnUszananagiudeyaluadl uanafanmd 3.1 azUsznaudendiniuile
Windnveagudegausuuge (LYP) uauwe 1-lawindnvesgiudoyausulss CVP wazuaufing
lowidndigniiulflusuds Temp_scanDB Sawadndveswnuus Temp_ scanDB azgniilulély
nsuszanaluduneud 3.3.2

3.3.2 %’;uﬁlaunﬁau,nugﬂu‘fj’agaLau{fﬁnﬂ%\i (Re-scanning Original Database
Phase)

PnradnETldnnsUstnanaluduneudl 3.3.2 Aefuus Temp scanDB uwauALasle
Wisdnyneafeglufuus Temp scanDB azgninnaunulugrudeyaidudnifios 1 seu e
ﬂ%’uﬂa;whaﬁuaymaaLmuammial,ﬁm%mﬁy'uﬂ N Fuheafuayuiviulsaudalunsnaey
fumatiuayuigavesgiuteyaUiuuss (sUD) dlewiudalag daratuayusnnimewindy
Aatfuvayudus loudndug azgninluifulugauys L2 widhiidatuayudiosnine
atuayutui lewudmiug awgndafialy

(%
o

JUnaUNTT TUABUNITALNUFIUTBYALANY18NATY (Re-scanning Original Database
Phase) ZUaAIAININA 3.2



Algorithm 1 incremental process()
Input : db,s,I,"®, C,%, |DB|
Output: I,
|UD|=|DB|+|db]|
k=1
scan db for all X
for all XeL,®® or XecC,PB

update X.count

if X.count = s¥|UD|

X = LkUD

for all X ¢ L,°® or XgC,™®
S if X.count+|DB|-1 2 s*|UD|
10 X — temp_scanDB
11 k=2
12 while (Lx-,"P U temp_scanDBi) > 1
13 Cxy = Ly-1"® * temp scanDB;
14 // using Apriori_gen()
15 scan db for all C;
16 for all X& C; do
17 for all X € I,PB
18 update X.count
19 if X.count 2 s%|UD|
20 X - Lkm
21 for all X g I8
22 if X.count+|DB|-1 2 s¥|UD|
23 X — temp_scanDB
24 k++
25 end loop
26 rescan_original()
27 ILy° = 1, U tempL
28 return I

W <o b W

M9 3.1 TupeunIsUsEIIaNagIuteyalvl (Incremental Updating Phase)

Algorithm 2 rescan original()
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 templL

SN o W

1A 3.2 PumsuNSALNUFILTRLALANTIBNATY (Re-scanning Original Database Phase)
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NN1INAABDILLASHENIINAAD

(Experimental Result)

WewansliiufsUseadnsnmnisyinuvesdane3fiu BFUP fududanasiiuiiusuuss
U52ANBNINNIYI9UURI9anasTin FUP Nnelunisrumnganuduiusiuuiiuvens luunias
NaTIINGUILAIRYBINITNAGDY TBN1TNAGDY UALHANITNAABY VBdane3iiu BFUP

4.1 IngUszaAYDINITNAGDY

iouansliiiudaszansamnisviiauvessane3fiu BFUP dwfunisifiuvensnts
Fumnganuduitus Tnoidunisdsugassansnmdanasiiu FUP lusdedasnannis
Toqusvasiuoansnaans Ssusenaudae 2 Tnqusvasindn el

1. ilavadauAugndasvasnadnsildannisiugiutoyalmidrlulugudeya
\Au Sane3iiu BFUP winasliusanedfiuiiimunaifieuuusassansnmuesdanedfiu FUP
oehalsfif maviheuesiadane3fiu BFUP way FUP &nflgnumsvhanusnaindanadfiu Apriori
faduifeareanuuunisnaassiionageuanugnioswosmadnslasuTouifisuiusaneiia
Apriori Hundn

2. iienasauUszansawlunisiauvasdanasinlunisiugiuteyalmidaluly
grudayaidn  nisvadeuyszAninmvesdaneifiuluauided asdunismaasuiiietn
UsgdvBammaiivuenenisfungaruduiudlae inainaiildlunisussanana (Execution
Time) lngLUsuifisunaniildlunisussananaseninedaneifiu BFUP Sane3fiu FUP uaz
9ane3iu Apriori

4.2 F5n15NAABY

nMsnaaessaneiiuioruvngmNduiusuuufinves efimsifiugiudeyavieyn
foyalmithlulugrutouaiin deorahlinsiniuileiudadiliainnsfumangudeyaiiudl
naiAsuulady lunsnasesdmsuamiaded wdunismasedasmaiudoyadilu 1 gadeya
$1uan 1,000 nsuuwadu Inefandlulugudeyaiindiuiu 2 grudeya Asounsuusady
50,000 uag 100,000 N9 1uEATY AEIFY éhwhaﬂuayu%wﬁ"w (minimum support) luseaud
seifu Inogiudeya 50,000 nsuwwAty AgvaseufuAaTuayutus 0.2% 0.3% uaz 0.4%
dhugnudieya 100,000 n3uksAty AzvRFEUUAATUALLTUI 0.1% 0.3% uaz 0.5%

dmsuyateyaiithamaass Wuyateyadansizi (Synthesis Dataset) Faduyatoya
finauelag Agrawal wazaaz [1] FaldlaueiBnsaiiyadeyadunsziiiolflunisuszidy
Uszdninnvesdanainiu lngordendnnimmeadaunldlunisasisyadeya dmsunismaaadly
ATeil Wdenldiyndeya 2 yadoyafie yadoya 110TaD50K dwiugrudoyaidu 50,000 3y
LeAdy wazydeya Yadeya 110TAD100K dmiugiutoyaiiy 100,000 nuwwAdy
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4.3 NAN1TNARDY

dethdeyaris 2 gadenadndrsfunnyiinisneassdielsunsy MATLAB 7.6 Hans
noaeuiuiail

wan1suARBIYadayail 1 Ao 110TAD50K dmiugiuteyaiiy 50,000 nsuLsady Lay
fnsifindeyaiiiund iy 1,000 nsruueadu nFousmensmaaoufuAatuayumiandiuy 3
A1 B 0.2% 0.3% wag 0.4% waznaaeulszdnsnimuesdanaifulagilieuiiguiudanesiy
FUP Wa §ano3fiu Apriori HANNSNARBILAAININANTIN 4.1 LazAIM? 4.1

M151991 4.1 nan1sieuiiisunanldlunisuseuianadeyayn 110TAD50K seninedanasiy
Apriori FUP tlae BFUP

mafildlunisuszananawae Gund)
- ANETUEYUTUAT (min_sup)
ganasyy
0.2% 0.2% 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
s usiloiuds 5,307 1,995 1,051
‘UUWWQQ@WU@Q k-itemset I—lO |_7 |_3
14T10D50K
700000
600000
500000
M Apriori
400000
B mFUP
£ 300000 ¥ batch FUP
5
g 200000
5
100000
sup
0 -
0.2% 0.3% 0.4%

A 4.1 unugliwiadSeuidigunaildlunisuszuianavesyadeya 110TAD50K

NAITNN 4.1 WATNINA 4.1 WERINaNISUTeULTIBULIaI NI lUNISUTEUIaNATENING
danesiiu Apriori FUP way BFUP aziiuléd Wisfimsiiudeyadnuau 1,000 nsuwsatu il
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Tugnudeyaiduduau 50,000 nsuurady (efiansanisnnugndesvosniiugndedlunis
UszananalneiSouliisuiiusaneiiu Apriori nanisnaaounuin BFUP Tnadwéignifes Aed
$muau Wiulediudauifusunginfuilediueaiivssnanaldandane3fiu Aprior uaz
FUP uon9ni ilefinsanienanildlumsuszanana aznud Waveziailumsuszananatios
ndanesfiu Apriori egnaiiuldtn warlfnalunisussianatesnindanesiiu FUP afiedn
9anes¥iu BFUP anu13ausuuse FUP Wanunsaldiianlunisuseuiatesadagailiuss@nanim
TneLanzad1eds Wonaaeufumatuayudumduiu 3 d1 Ao 0.2% 0.3% uay 0.4% azuiiuld
1 Batwuaenaduayudusetiosasitla azBauanuuansesiaiflilunisszanaresi
3 Sane3Tuanieiy dufte Beuusdatiuayuiuiessnniiila Sane3fiu BFUP azddldinan
Hounidanesiiu Apriori way FUP unTuwiniiy

M19197 4.2 Han1sieuiiisunailglunisussunanadeyayn 110TAD100K s¥ninedanesiy
Apriori FUP tlae BFUP

mafildlunisuszananawae Gund)
R ANETIUAYUTUAT (Min_sup)
danasiy
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
s usiloiuds 17,127 1,991 862
‘UUW@QQQWU@Q k-itemset I—lO |_7 |_2
14T10D100K
1400000
1200000
1000000
— 800000
3 W Apriori
£ 600000 W FUP
5 M BFUP
g 400000
54
5
200000
0 - g
0.1% 0.2% 0.5%

A9 4.2 usupiiwiadSeuiisuianildlunisussiianavesyadeya 110T4D100K
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1NA15197 4.2 uagn il 4.2 wanananisiSeuifisunandildlunisussananasening
9ane39iu Apriori FUP Lag BFUP agwiulain Lﬁaﬁmitﬂu%gaﬁﬂmu 1,000 5 uugAdy 1y
Tughudeyalfiudiuau 100,000 niuwwaty Wefiarsaniennugnievesamgndedunis
UszananalaeluTeuiieuAudanea3iy Apriori NaN1TNAEDUNUIN BFUP Iﬁwaé’wéﬁgﬂé’m ADil
$muau Widurlediudauiusunginfuilediueaiivssnanaldandane3fiu Aprior uaz
FUP wonanil efinnsandenaniildlunisusvanana sznui Wsvernailunisuszuianatios
nihdanaiiu Aprior uaz FUP agnaudiulddn lefiarsandsnanisnadeufuatvayudusi
117U 3 A e 0.1% 0.3% Wz 0.5% il Bsdwuaatuayutusetosauvinln azd
Wiuanuwansnsveniatildlunisuszanavessis 3 sanesiuundedu ude Sefmuadd
atuayudushiiosunnuinla Sane3iiu BFUP asBslinantiosnindane3fiu Apriori wag FUP 1nn
iy Famadwsaldlinauieatummasousudoyagausn (110TAD50K)

4.4 @3UNaN1INAaDY

NNTNARBITBYA 2 YA Ao YAUaya 110TAD50K dmFugiudeyaiiu 50,000 N5
wwAdu uazyadeya yadeya 110TAD100K dvdugiudeyaiis 100,000 N uueAdy uaziing
dinsuuadeyalmidilusiuay 1,000 nsmwwadudlvlugudeyafuiiansyn lunis
naaedRzLUINIsinnan measeenilu 2 Useiiu Aeussiiuresanugnsieslunisussuiana
warnTinUszavsnmiuafildlunisUssinena ansnsoagUnanisnaaewis 2 Ussiuldead

1. AuANgneed lun1snadeuAUgNfeIuedsanasfiy BFUP f3dulaaanwuunis
maaummgﬂé’aﬂmamiLU%EJULﬁEJUﬁ’uwaé’wéﬁlﬁmﬂmﬁﬂﬁzmamaé’aﬂa%ﬁm Apriori tkag FUP
Fananisnageu nui1 Sane3fiu BFUP lsinadnslunisuszananadigndes tufe ddwaum3
wfurilewiuidsildannsuszananauarauingeanves kitemset witdudane3fiu Apriori uay
FUP

2. fudsganiamsunandildlunisuszunana lunimeasy §Idelimagey
Usransamdunaiildlunisuszanana TnenswSeudieusu 2 Sane3fiude Apriori uaz FUP
sheatuayusiigaiuandaiudiuan 3 1 Ao 0.2% 0.3% uag 0.4% dwmiudeyaya 50.000
NIUUTATY LA 0.1% 03% uag 0.5% dviudeyaya 100,000 NIuUBATU KANITNAADS
WU 9anesviu BFUP Tdhalunisuszunanatiesnindanaiviu Apriori taz FUP laglanizegny
84 ofinsimunaatuayutusetiosasiila awufuanuuandsweanardlflunisussana
Yo 3 Saneifiuanndeiu dufe Satmuadativayuiuitessnniiila Sane3fiu BFUP 2w
Tantiesnindanesity Apriori uay FUP snntuwiiiu shudunsnzdn sanesfiu Aprior uaz
dane3fiu FUP Sndudesdinsaunuuaufanlevindnlugiudoyaiduyne seu 31w k sau
Turausfidane3fiu BFUP asfinisaunugnudoyaifufissndafen Soilvuadwsnisduna
dulfmanisneaesiiuandunsnsd 4.1 uar 4.2 fadu anaansmeaesasdiulét Sanediy
BFUP anunsagisdsuugsussdnsnmauesdanainiu FUP leegeliussdnsua



unil 5

ajUuazvatauaunue

(Conclusion)

5.1 #5UNan133Y

n1svinilesdeya (Data Mining) é?fwwﬂ'%u'a%gﬂﬂﬁ’nﬁm N13AUMIDIAAINN LY
g1udesa (Knowledge Discovery in Database: KDD) iunszuiunisiignisnldifledumsuuuy
(pattern) W3oanuduiusiliinodunuindeudigndousgludeyadiuiunmmalay nlusfa
sunuuteyaifunufananaztielresdnsaansnaiannaldiueulunsudeduld e nisih
wadansiuniiesteyaiduntislunisiesgingugniduiduiivesuias nsduunnga
anfiifanuanusalunstedufamgesimntuniesnsud wazn1sienevisUuuunisde
duvasgnandusiu

N1SAUNINYAUFURUS Li‘Jumaﬁﬂﬁﬁwﬁfmaqmzmumﬁﬁwmﬁaa%’aaﬂa (Data Mining)
Wlefumanuduiudssninsdoyalugnudeya wazatnguuuutoyaiiaulaliesnuieglusuuy
YoenQAMUFLTLS if X then Y Inofundnnisvaundn 2 suneuldun 1) msfumlewiudnd
Fondfieiusilowiudn dadulefiuendiidaivayuunnimiouiduaaivayudus
(minimum support) fiEldimun waz 2) MsthwEieiuilewindniivlsndeusnanatisng
AuduuS Fanganuduiusiinaula awdungauduiusifmarudeiunnnimiewinfu
AAandesiutush (minimum confidence) figldrmun

Taeluuda sanesfiudilasunissensunasduifeulunisiudumnganuduiug
odane3fiu Apriori [3] figntauslag Agrawal agnslsfn 1ednsiiinyadoyalnsiidiluly

v a

WYBYALAN MIAUNINYANUENTUSAEITN5VR Apriori AgsiosinUszananatoyaianuniod

dpya Wufe Mavweudmslowiuslng wazaunumativayuvesaufinnloinidnlnly
N9 seu Jevirbinaildlunmsussananagnlduiniiuanudndu uaglifausednsamlunis

q

197U

i BN DD

shetesesfananives Aprior Fslafifiniauenisuuugangeuduiudilledinisifia
Toyayabnididiunlugiudeyaiiu Cheung wavame [4] 10 awedane3fiu FUP (Fast UPdate
algorithm) S fusane3fiudmiunsrumagauduiusuuuiiinues Wednsifsdeyalmsiii
11 Tagerdvesdnnuifuainaisluddugiuteyaifuunsiefinuszansawlunisduning
Anudusitus dufe FUP agldwTiatulewiidnilininnsussananalugiudeyaidy undioan
SuunaudnaloiudniiozfosgmirlUawnulugrudoyaiin seFBnsUsvananasdinaniai
191 FUP Taanlunisuszananaiiounin Apriori

ogalsfinu Tundazseu k illedinsfununaudianleiuenilailfduaundnvesms
wiuileiuidnvesgrudeyaiiu uaudinslodiudntug axgninlvawnlugrudeyaiumnsevd
k thuudadn mnvunavewBiafulewinealugudeyausuuseiiansiniu 5 (k=5) deumuneay

(%

71 FUP agdeaihuaumnnlaiudnliawnulugiudeyafusindiuiuiedu 5 sou wulieadu
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Aprior shafunsadl Sruuuaunaleiudafigninluawnuves FUP agidurutiesndn Apriori
whify

iioanduiumsaunuguteyaidslindesuiuseunisaunuitesdian fidedals
Anwuileusulgsdaneifiu FUP livihalnemdedusouresnsuszanalugiudeyaifuiios
soulfien FefideliondeuinAnaindane3iiu Negative Border fisinsdniiulewiudailaildns
wiusilewisidn Wiedisanmsaunugiudoyaiiu aldaneiufiusulgaseaniamnisihay
89 FUP 1] f{3suazi3uni1dana3iiu BFUP (Batch Fast UPdate Algorithm)

lunmeaeng {I3ennasimatutoyaduasizniiuiug 2 Ya fie yadeya 110T4D50K
dmugrudeyaiin 50,000 n3ruLeAty waryateya yatoya 110TAD100K dwfugiudeyaiis
100,000 N5 ungAdu uaginisifindauyadeyalmidiludiuon 1,000 nsuwsaduiiilly
gudeyaiiuiiaosn eaatuayuigaiiuandiatu 3 a1 fo Ao 02% 0.3% uaz 0.4%
dmfuteyayn 50.000 n51uLEATY LA 0.1% 0.3% wag 0.5% dmsudoyaym 100,000 N3
weAdy

nan1sVaaedLUtennidy 2 Usshu Aedsuinuvesnnugnsedlunisuszuiana wazns
SauszAvsamenunanililunisusvanana annsoasunanismnaeie 2 Ussduldsed

1. AuANLgNeed Tun1snadeuAUgNfeIreddanasfiy BFUP f3dulaaanwuunis
maaummgﬂé’aﬂmamiLU%EJULﬁEJUﬁ’uwaé’wéﬁlﬁmﬂmﬁﬂﬁzmamaé’aﬂa%ﬁm Apriori tkag FUP
Fsuansmagey wuin Sane3fiu BFUP linadnslunisuszaanaiigniios

2. fudsganiamsunandildlunisuszanana lunimeaoy §Idelimaaey
Usgavdnmsnunafildlunisuseanana TnenisiSeudiouiu 2 Sane3fiufe Aprior wag FUP
HAN1INARBY WU danesiu BFUP Tdatlunisuszunanailaanindanesyiu Apriori uag FUP
Tneamizeehads Wefimssnussaiiuayutusedesauila asBadiumuuanssweaianild
TunsUszanavesiia 3 Sanedfiuuindedu dufe Batvusdiatuayudusdesuinuinla
Fane3iu BFUP axddldinandesnindanesiiu Apriori uaz FUP unntuwindy dudunszin
danesiiu Apriori uaz dane3iu FUP duludesdimsawnuuauminnlowindnlugiudeyafuyng
soU $1u3m k 50U luvzidana3iiu BFUP %ﬁmimmugm%’asﬂaLﬁmﬁmﬂ%’juam Javiled
uadwsysdunadulufmansmeaesiuandumsned 4.1 was 4.2 Fadu neanismeanss
wiuleidn danesiin BFUP anunsetieusulssdss@nsanuesdane3fiu FUP laegeilusednina

5.2 Yalauauiuy

1. wnAsluresdanedfiu BFUP WulnAsineguuiulgeussaninmuesdaneasiiu
nsfngamdusLUUiNYes Tagnsneewandnnuseuidududosaunugutouaiiy
TaonsiiuleiudniflomadunGinfurilewiudnvesgrudeyaususlundaz soulfaudssou
anvine nidailvawnugudeyad Weusuussmalivayuvedlodiuidn udmaaouniadu
R fusilewiudnuesgrudeyausuusadnads edlsfin sanesfiu BFUP & Wunisduiunisfu
Foyaiimafiudurlugudoyauitu ddumuidefiamsoimudosonldmaiumided
USulgeUssAninmaesdaneaifiu BFUP Tnglianunsauszananaldiugadoyaiuiifinisgnauiis
T viSedinnsusuusaunlutoya
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2. nuddvatull umsideneldauufgruiimatuayuiunngnimuslaedldagl
fnsdsundas dedu nuddeluaseield msagiduiiiefinwuasimuidanasfiy BFUP I
aunsaUszalananuAatuayuiumninnisuwdadle
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Batch fast update algorithm for incremental association rule discovery
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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 | = {l,1,,....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 < I.
Each transaction contain X if and only if X < T. Let X and
Y are an itemwhere X c I, Y < | 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 c% which
calculates from a number of transactions in DB that contain
X and also contain Y. Both s% 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 transactions 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 u 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 C,., and finding
new frequent itemsets. Firstly, FUP filters out losers from
L¢ (L in DB). Given YelLy and X € Ly — Lys’, Y is a
loser iff XeY. For the remaining Ly, 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 Cy
is pruned if and only if Y e C, where Y is the loser from
Ly. 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
ub updated database

S minimum support

L.® frequent k-itemset in DB
L, P frequent k-itemset in UD
Cx 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 a 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., Cy, 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 Cy, Apriori-gen is
applied. Apriori generates Cy with Ly.1*L.1, 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 e 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
()
Input db, s, L,"®, C;"®, |DB|
Output: L,°
1 |UD|=|DB|+|db|
k=1
scan db for all X
for all XeIl;™ or XeC,™®
update X.count
if X.count 2 s*|UD|
X = LP
for all X ¢ I1,”® or XeC;™®
9 if X.count+|DB|-1 = s*|UD|
X — temp scanDB

O J oy U W

11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28

k=2
while (L,.,"" U temp scanDB,) > 1
Cx = Ly,”" * temp scanDBy
// using Apriori gen()
scan db for all C,
for all Xe Cy do

for all X e L™
update X.count
if X.count 2
X = L
for all X ¢ L™
if X.count+|DB|-1 2 s*|UD|
X — temp scanDB

s*|UD|

k++
end loop
rescan_original ()
L, = L,° U tempL
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 # O
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 T1014D100K which has
100,000 transactions. The second dataset is T1014D50K
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., T1014D100K, 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 110T4D100K

anumber | maximum
min algorithm execution of frequent
sup 9 time (sec.) frequent itemset
itemset (size of k)
FUP 175890.2901
0.1% 17,127 Lo
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., T1014D50K, 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 110T4D100K

Table 3. Average of Execution time for 110T4D50K

anumber | maximum
min alqorithm execution of frequent
sup g time (sec.) frequent itemset
itemset (size of k)
FUP 36012.0041
0.2% 5,307 Lo
BFUP 15402.0908
FUP 17695.8894
0.3% 1,995 L,
BFUP 12906.0013
FUP 12363.9417
0.4% 1,051 Ls
BFUP 10866.7162
14T10D50K
40000
_ 35000
5]
£ 30000 -
[3)
£ 25000 -
= FIFUP
.2 20000 -
= gBFUP
g 15000 - /
10000 + /
5000 / -:_:. :
0 ™ ! sup
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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