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Research Title: Incremental Association Rule Discovery

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

This research paper proposes an incremental association rule discovery using
the pessimistic error estimation. The objective of this research is to maintain
association rules in dynamic databases. When a new set of transactions is inserted
into the original database, an existing rule may be changed. The proposed algorithm
is based on the probability-based algorithm. The experiment results show that the
proposed algorithm has an execution times better than the probability-based
algorithm. In addition, the proposed algorithm can decrease the number of the
itemset rescanned in the original database.

Keywords: Incremental Association Rule Discovery, Association Rule Mining, Data Mining, Normal
Approximation to Binomial
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1.1 anudunwazanudrAgyvasdym

foya Wuninensdrdguazifusadussnaundniissuvarsaumannssuy
Fuluded! nnesdnsinnmsiudeddvssleninndeyaliifnUss i nmgegn ety
nsdnduladuiunuresesdansiiiiauszandna wilulagtuaziiuledn wivalulad
ansaume Taslawnzadndanalulainistufindoyaiinnnadyimhinmneissds as
ﬂ']ﬂ‘ﬁﬂ‘iﬂtl‘?jﬁﬁ]Wﬂﬁﬂgﬁﬁ’]ﬂ?ﬂﬂﬂ?ﬂﬂﬁﬁgﬂ%ﬁﬂﬂ‘c’JiLI’lﬂ fapafinu3 (Knowledge) nunnang
fignaeueglufayadingn udisdildldihemudmartusanald

nsvinvileataya (Data  mining) ﬁamm%‘;ﬁL"?aniwn‘;smumiﬁummmﬂu
§1utaya (Knowledge Discovery in Database: KDD) L‘TJum“mumsﬁiﬂum'iﬁ'umsﬂl,l,w
mam’mauwuﬁwuauaﬂ”luwauammuummaimﬂasﬁum ‘Luﬂwuuwawmﬂniwmmu
mLawwanmwaamimmmawauahﬂ%‘luswwmsﬁumﬂLwaa‘mmm‘lmﬂmu’mnumﬂm
L ﬂﬁ’lﬁumﬂuﬂﬁuaaﬂ’a'iml,wuaaﬂuaaga’l,um'mﬂﬂqugnmLaugﬂuﬂmaéﬁuWﬂws %30 113
Suunngugnénifimmannsalumstedudinmgesmantiuuassaous (Judu

msdumnganduius iumeadaiiddyuenseusunisiunitesdeya (Data
Mining) tefumpnuduiussewinedoyalugrudeya wazainsuuuudayaiuaaulals
poninaglummuuasnnewdius if X then ¥ Tnsfindanmsviauman 2 dumeuldud 1)
nseumleiudniionimGiaiuilowiuds duduleiiuwaifiratvayunaniivie
whf‘fumaﬁ’uauu%guﬁﬂ (minimum support) Agldhmua way 2) msthwFiafusilawiudsi
wildandeusnnadngemduniug Sangaudiniusiviadla asdungaiuduiusis
Aaudashusnnaivieriiuaiaudeiiuiii (minimum confidence) Al vun

Tngaluuda é’ana%ﬁuﬁléf%’un’n&a@u%’uuazLﬂuﬁﬁaﬂumsﬁmwﬁumng
ANMUAUNUS Apdana3nu Apriori 1] mmauaiﬂa Agrawal IaslunisfumnSiaiulamuigs
284 Apriori ‘\b‘lJ‘ivﬂE]Uﬂ’JEJ"llUﬂEmﬂﬁ’lﬂ{U 2 Supouvdn fe ﬂTiL“UE]ﬂJlElLVIm“ﬁﬁ (Jom) WaENS
i (prune) lewhndniiliflenmaduniiniuilowiudniicly adrdlsia mammwmmmaua
'lwmmltﬂumwnauamu m'iﬂumngmmauwuﬁmmﬁmmq Apriori 9RNUsTIIANS
Joyavanuaieggrudeya tufie nmamuauiianloiuenlnl wavaunumaiiuayures
LLﬂumLﬂmlaLansdm’lwu”lunns] 50U mm’lwnmﬁ’lﬂif’iuﬂﬂsﬂsumawagnlﬂummﬂumwmLﬂu
uazliifauszansnmlumaiheu endeghaudy auudfinsyedeyalmisiuoy 3 giisgn



Wandnggruteyady thumneda mndssnsuiulgingaradniudlunng saURTnTLia
maua-ﬂ@‘lummm Apriori awdesszinanagiudeyariuduarnisausdunudu 3 sou
medenayfsng1ves Apriori mlﬂu@)mLauamsﬂi‘uﬂqaﬂgmmauwuﬁmaumi
windayarmlmidunlugiudeyaidu Cheung uaveaz (2] 16 lauedane3iiu FUP (Fast
UPdate algorithm) #ududaneifiudmivnisfumnganuduiusuuuidiveens Wefins
vindeyalwidhun lnsarduesdaudiuanmsluiiduguteyafundiofiulssansam
Tunisfumngauduius dufie FUP agldnFiaiulaudniildannnisussananaly
gudeyaiin ingrsandwauneuiinnlaiudniissdasgninlvawnulugudeyaiiia fe
WnsuszananadanamFwitli FUP ldndlunsuszainanatieenia Apriori
ogalsfinnu luudasseu k ilesimsfunuuavdnalodiuenililiduaundnes
whafuileudnvesgudoyaiiu weuianlawtudntiug szgmirluaunulugudeyaids
nnsouil k thuad mnsuevesanssleiuanlugiudeyauiuusadiiminiu 5 (k=5) deu
eI FUP avdanihuaumnmladiundnlvaunilugndoyaiusaudwauiiu 5 sou
wuiieiiu Apriori ﬁhqﬁ’umaﬁ Sunueufiinaledindaiigninluaunuugs FUP agiidiuiu
Hounin Apriori wnu‘u
iannsiuumsawnupudeyailiindasuiusesunisaunuiitesiigalunuide
nMsfungeTdusiuLinveelagefandnanmihagidu [3] Waaumedans
Usssnarmenaingdureslodiiidniinaiies duEin uiledinepdmiuiiul el
aunugnidesaiiissafaforlusevaaiing Sadanedviudindnavhauldedeivssaninm
Tamafuaafisananda FUP way Aprior adnslsn Inefugumsmarmnitasdures
Fanofuanardlivanmanmnninnziduuedyad Faziivymlumsnamuneduly
nsdififa s I FeavesdnuaTediiiiinn cnafeiidddndnnisusanuaiaa
inadhuienaiisuan sldseanihasduildlinsiuanuduis dwaliniinele
WiuwaieaiiesfurBieiuilewhnenilamanannaouls
FieialdAnuduniufieuiulgdanaiiin mIrumagarmdiiusuuuiiuvene
Tngendovannisaananirazidy WanuisaviunelewiueniiniaditedunEiafuilewivgn
Tiusiuduniy Tasordeudnnisuszunamidrsnisuanuasuni waglduurdndy
Pessimistic ua¥ Confidence Interval sldlumsindulansidenifuladiueniinnineg
JuSimuvilanunes

1.2 anudaneuaringUszaidvainisine

NATESeamstinveengauEITUSiIEnIsUsEINAIRUUY Pessimistic 13mg
Uszasdiile

1.2.1 WeAnwAuridaneifumisfunaiiveeiengaudiius

12.2 eesnuuunasvnasidaneiiungainuduiusuuuiinvenadaenis
UEINMUALUY Pessimistic



1.3 wqufjuazuudAaitldlunside

nquikazuuifnnieg Aiunvszgnaldlunisideiderfunsifivvensng
ANNFNRUSMENTUTENUATUUNMIHANLIIUNG Usenauemie

1.3.1 nsAuMINgAuEUNUS (Association rule discovery)

1.3.2 mafiuverengauduiug (incremental association rule discovery)

1.3.3 nquin1suszanudmiuiuaieniswanwasdnd (Normal approximation to
Binomial theory)
1.4 Y8ULYAYBINITINY "

mATsatuiidunferefunmaiauedanesiuiivssgndlineiunindiy
sgronganudiiug Weyedeyalwmignisdnnlugudeyaids

1.5 gumﬂu?lﬂ\ﬂﬂ'l'iﬁﬂ%ﬂ

nuifedesnsifuveisngauduiusiiensUssuiaA LY Pessimistic 1
Funouvesmadnufil

151 Anwiuunfn nuiuaranddeiinerdestuauide 3and1s1 wazionans
UNAIIUFNE

1.5.2 fivuavide IngUsvedn LagyauiunnsiinuYesnuiie

153 sanuuudanadfiulmifiiauiuszansainnisiiaiunisiivenong
AIUEURUS

1.5.4 vimunlUsunsunisvingnueeedaneing amegenaLlsuunuay (MATLAB)
TN ImedaunIsinaulasuilyteRanaInvadlUsunsy

1,55 naanin1BIuTssdaneifiudsgadouadaunsiziiaiedu e tn
UssAnsmunsvinauvesdanasiy

1.5.6 SIUTMHAMIAAABIAINATTUYRITANDTHY TiAT1euazazUNanns
NAADA

1.5.7 FyuiSgwardavinmnaninginug

1.6 Hegudni

Tusudded dnrslddrdwianizlunisfnerdanesfiudunisifiuvensng
euduiug el dlansatu sﬁﬁ’ﬂlﬁﬁEnnﬁwﬁﬁﬁﬁﬁtgu,azﬁaﬂﬂm’lufﬁa il

1.6.1 grudayaiiiu (Original database) vaneds grudeyaiidilifinsiiindoya
lmidlulugudeya lusmiddoatuil

1.6.2 gudayalui (increment  database) vunuils grudeyaiivsznaudie
Toyayalmirasgrifudlulugudeyaid

1.6.3 grudisyauiuuge (Updated  Database) munafis grudeyailldunns
Ufuugeuds fude grudeyanlasunisifindeyayalviiSouiooudn



1.6.4 Witadwilawiuga (Frequent lawaen) vianuideounaiuazisonia Wi
wiwilowiuien (Frequent Towiuim) vineds wevedladiuiinaula Tnswavaslowiulag
wgnidsnimieiuilodiuen Adeile Amumivayuvesgalediutug ddwinniwide
wihiudatuayudush

1.6.5 dulaiuan (Infrequent lawiuan) wiisnuidsuatvazidonii aueale
Wintem (small  lowiuien) vm'mm waraslainiliiaula lnewsvasleiulag e gn
Sonihavealewiuen Areile deruaivayuvesyaleawiuiug & umuaamwmauuauwu
i '

'
=1

1.6.6 AAMUENRUS (Association rule) Wunszuiumsfumzluuuresdeyad
unaulalugiudeya udiuandoenulunMYeIngaNLEius (..ud... (if-then rule)

1.6.7 uruAaalatiiutn (Candidate lotfisen) wngis wavadlatiuiiazgn
ihludunameaivayy Wothumaaeuin wavesleiulathazineglunduuosiEiaiu
lawien vidoausalowiugn Tnsvhlumsdnamuaufieatodiuen azldainnszuiums
fil§unin join operation snviwamzlawinenidenfimialusauwsn

1.6.8 Aeusiyu (support count) winwia Aauaveslawiuen MnnTunse
Usinglugnudeys

1.6.9 ﬁﬂﬁﬁuaqu%”uﬁﬂ (Minimum support) vaneds mildnadeuiilewiuen
yalaazgnrimualiidu wiiaduiloduen Tnedaifuayudushid fldasdudivunnia
auzad Tneanatuayuiusitaguadiuiesazvosdoyavmnuusadulugiudeyai
Usnglowiu A uaz B (A U B) TuBnaamumnavily Aatfuayutusazmneds Ao
vhaziduilewty A way B sxusinglugiutoyanieuiu

1.6.10 drarnudesiutuda (Minimum confidence) wineils enillinazouds
ngauduiusalavzgnivualiiiu ngiinaula (nteresting  rule) wiangiliduuds
(Strong rule) TawrnaTandesiutus gléasdufimunniuanusaneay wazdoudmun
\HuFesazvesdayansunsadulugiuteyamiousingleiu A udh asfessinglaiu 8
Tunsuwgatuierfuie Swsdudhvaranmhsdusuoiiteuls PEJA)

1.6.11 klawinen (klawiaen) vnoi wavadewuiiuszneumeloiusiuau
k #1 lag f1 k 2 1 Laue fagreidy

k=1 azBenin 1-lowiues maneils wavadlawiniivsznaushglowia
1wy 1 /) deadeusgluniw ves {y, Iy, b, .., I} a1y, by, b, . |, Aalowiy

k=2 awdeni 2lodimen wneis wevadleriuiivszneviglam
T 2 i Teudgueglunmues [y, L, Oy, bh O 1) Go, 15}, {12, b, O, 1)

k=3 veBonin 3lewiuen winefis waveslediuiiusznaudelewiu
1w 3 /1 desdousgluninuos (L, b, 1) U b, L, Ul b, L, Ul s, L)



unil 2
P 1 = a w awv o d v
nguuguilylunuileuazauidsninegvas

msfumngaNuduRes Wunssuiumsdidguesnsiuvilestaya lnsazfum
sUuvureagndeyaiiraulassniesionising fomeidaiulilugudeyauldlunis
Wunsmuduiussewinedeyadenisahslieglunmusanganudinius Jetaelunns
Andula MITaunuLaznITUINSla

Tuunil wndmBanfnuasnguiiiugiusg (Retesfuiddonisiivveisnsg
AdILS M sULINLAUUUNG FeUsznaume

1. MsAumINgANUEUNUS

2. matuveengaaEniug

3. UM IUTENAINAMENIINLITUNF

TneluusiasutnAauaevguiise seazdondl

2.1 MIAUMNYATIURUNUS
wAnEBIN TAuMINgAENTUS oniauadusnadiusnlul e 1993 Tag
Agrawal et al. [4] tisldlumsfuguiuurmadniusseindleiy (item) lunadasadiidu
nwargadanauuuems (Transactional — dataset) Wadauuunisadnaansildgn
thiauaiieldlunsruaumsfumngenudinius Gudd
Al
| wneds wavedlawiu lae L= 0y, b, s, .., I}
T vinefe nsuueady (transaction) vivszillsusnemiteya lneusay
nsuusaty Useneudednvedlowin Hufe T C 1 way vistuweadu T udazsenms a
dutusiussey (identifier) M3ndr TID (Transaction  Identifier) uand1nid usaslauiy
szosinudnunnlufudsmi (binary variable) fiufe fiAnld 2 a1 léun Fouarlida vise
msusing/ivsngladiudslugudeya Hudu Kidsuumsdesesarlowiuaslign
1ufRansan wu ivualilawiy |, wiu suutle 'lul,wiasiwms*t'x’agaﬁﬁmi%a%uuﬂa qy
fuin imsterunilediuau 1 afs lagliauladn lustonisdussiinnsdounils Suau
1NN 1 evisell
D vl wavemsueaduluguteys

auufivualilomy X Wulowinluwiadulunsuugadunisg dufe X C T
anvauzaingaNuduRusIziiungmNduRusLUY IF. THEN  Feazuanalunin

X DY XCl,YClwaeXNY=



lawianaslag Aflonassiluadanganuduius X = v szdesdimaltvayu
wnnnrenaiiuayudum vie minsup Aldiiuun
dungaudiius X = ¥ laq sxgnifendndungiiiauls ssdesdidini
Wetunnnidanuderiudush vie minconf AlHTugimun
il Ltmﬁmﬁmﬁ’umaﬁuauu%uﬁﬂ wazaaudeiutus dmTunsAuning
arardiniug aunsouandliolunimveseminasibuldsd
Support(X = Y) P(XLIY)
Confidence(X = Y) P(X|Y)

1l

feg1a lugrudeyanidlsemsnsiuusadusiuon 10 nsuusedu wuia
Tty A uay B Usrnglundaslumsuueadufenfudng 6 niueady Smisnidsae
Senin Tewiuem (A B} fifeifuauiniy 6 wavausfsvuaseduayutum wie minsup
= 40% Fovaneils Soway 40 vemusaduiaalugudeyaasusinglaueatiug dity
winfegw giudeyaiidiuan 10 nsmugndu dufu é1 minsup sz
40% x 10 = 4 lowiw Auay B WnsundeufusiuIu 6 vamuweadu Jeilennndien
auayusush ufle 6 > minsup detiu lowf (A8} FeSendnBieduilofiuen Jeasgn
ihluasaungrudmiusludiudaly
Andldnandasiu msmngarudiiusasdsyneusetuseundn 2 fuseu e
nsviEiedusilowfiien uagmaadanganudinitus Fnssuanvesmsaianganuduius
fusrannsnaiwngenafuiuslifdodenssvaunsdunumntie fuileiumansziin
weSAuudy dwsunuAtenedunstumngaudiius Sanesiusonioufignihunldly
nsvngeasduiusisun saneiiiuerwiles Geazedungluridedialy

2.1.1 9ane3fiuezn3la3 (Apriori Algorithm) [1]

Sanoifiuevniles WudanasiuiroudradiunumuasduiifieulusnAsesuns
mining association rules sane3uiazinsrmanm Wieiuilowuee wanddfanmi
2.1 lumaheeswiled swaunuusasnnuusadulugudoya Tasfimudmarsada Tny
Whatui klawiunen (L) Arwaldusasseu aefmuinein uaufien k-1 lawiuen (C,,)
Faduludnvaensiinuues level-wisestep - lunsdnnum wWiinuvilawiuien  ves
Sanesuinsutsnsvhauesnidu 2 funeundn W

1. $umsuns Join (join step)

Wutunerlunisth Ly (k 2 2) 11919019 join operation Weada G Favz
Talunisauamum L, selusevdaly e G, Taua1nn1s¥in join operation 3894 Ly*L,
MntiFah ¢, Adwnalldluvinem L (aenmswisuidieusudr minimum support) 1o
16 L, finedi join operation 58w Ly*L, Wielild C; iietiluduinm Ly Wudwudaly

wazazviuduluien unseia G = & msvi join operation waaslamanimd 2.2



2. funauns prune (prune step)

Dudumeuitlélunisein (prune) lowiuen vee G, wiafinrsanm lowiun
filpauandfdu L, tufe lewiun Taq Tu ¢, 7 Xsupport < min_sup azgn prune aanly
uaz lowiuen fivde (Fadidn X.support = min_sup) azdadu L, Fumeunis prune step
wansliFanindl 2.3 weilldfnsdmunaneaudtives Tediuen Tixel “drduion voq k-1
Towhnen Taq Tu ¢ Alildiduandnues L, uds lewien duq agliannsadu L 16 8
gunsa prune laviugn Huq senain ¢ 167

1) Ly = {large I-itemsets};

2y for (k=2 Li—1 #8; k++ } do begin

3}  Cy = apriori-gen{Lr=1); f/ New candidates
4} forall transactions { € D do begin

3) Ct == subset{Cy, tl; // Candidates contained in ¢
6} forall candidates ¢ € ¢ do

T} c.counb4+-4+;

8}  end

9)' Ly = {c € Cg | c.count > minsup}

1) end

11) Answer = |}, Li;

-:1 o = 2 o s a = a
2N 2.1 AsenI uila iR vadd ana s Nua LN 1as

insert into b’&-

select pitem,, p.item,, ..., p.ilemay, g.itemp_,

from Ly p, Lg-1 ¢

where pitem; = g.ifemi, ..., pitemp—z = g.itemsa,
pitemp_; < gitemy_;;

AN 2.2 TURDUNIIH join step

forall itemsets ¢ € €, do
forall (k—1)-subsets s of ¢ do
if (s € Lk—1} then
delete ¢ from (g

AN 2.3 TURBUNIIHN prune step
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diaaSedAudunaunismviiaiudilaiuen uda Tussudalufonismng
anuduiusnduluauteulevesdativayuduei (min_sup) waz ARILLTRTUTURN
(min_conf) fifwual F9Aviaaesiand1n9sitnesening 0 — 100% mnngaiuduiusleg
Mdulumudn min_sup waz min_conf dana1a szdadinguuungiiraula wsengi
Wuuda (strong rule) Tumanduiu minngauduiusiag Aldiduluauen min_sup way
. w o & M o1 & 8 o
min_conf Asnana szdaiinguntungiliihaulaviailungseune (weak rule)

dafvas Apriori

1. dnrseenuuuimaiialunisariiuiuuauiinaloiuen aendannisen
(prune) lowueniliilomadubieiuilediueseenly Tngldmmdiaulusounounth (k-
1) Wuehae

Joideves Apriori

1. $ududosiinng scan grudeyavansnss uaziimaadng candidate louiu
1wn S1uuann Tumsdmuiudiazsey devilildnalunmsuszinanadoudnaunu Suilid
msAndumnsanesiuitaeanmaaia candidate laitian tag annts scan giudeyn

2. itmngandmiunisaiienganuduiug fdeyaliudnuas Numeric
1130 Boolean

3. mnfimstiusignmsdeyalnl dhllugudaya swdoon nganuduius
Tyighenas scan grudoalmsiviann

2.2 msiinveIensdumngaLdTuS
§355UNAV8Y Dynamic Database 318n1398Ya (transaction) ﬁ]xgmﬁmﬁmﬂu

grudeyaagaasaiat suiliAangauduiuslmifiuiaulafintiu vusfoadu ng
anudiudiisesasnanaiungitliiauledndely immsaiiAntudiofinadiudoyaiin
vl Usenause 4 wmnsal (5] Fail

1. loiuen My wGiedwilovinen Tu grudouaidy Seadu Wheduile
winen Tugrudoyalvaligudin

2. loviunan Mdu WEeduilovimen Tu gwdoyain Wavwdu sunsiaiuy
lovinen lugudoyalwd

3. loviuen My Buriaiusilewiuiens Tu prudeyaifiu Waswdu Wiadu
lovinee Tugudoyalml

a. lovinen iy SunGinturilowiuen Tu rudeyaidn Swmady suns
wwilawiuen lugruteyalmiguiy

Tuhidedl azndnimguifumaifiveenengenudiiuiifisrdosiuamide
fafisrwasidon dil



2.2.1 danasnis FUP [2]

Fane37iu FUP (Fast UPdate Algorithm) iunuiseusniivavameada
N5 incremental updating technique \fi® maintenance association rules Lﬁaﬁm‘nﬁu
foyalmidunlugiudeya mavinuves FUP  srfendnmaiiendiu Apriori daazdinns
yhaumaeseu Tgseunsnazidudausd 1-lowiuen Tuaui klowiues sildanesfiuilae
MaunelinIsayanudn A1 minimum support kagA1 minimum confidence A

mvnevesdydnualineg Aldlusanediiu FUP fswandunsil

DB wefla gruteyaii

db’ wnefs srudeyalwifigniisndun

D e Sy vuuwadu Aleglugrudeyaiiy

d  vaneds Swan viuseadu Mleglugudeyalwi

s VNURY ﬁiwaﬁuayu‘ifuﬁﬂ (minimum support)

L wvaneds Wiatun k-lowinee lu original database die k=1,2,...

L el siSiedunt klewiuien Tu gudeyauiuuss (DBUdD) iile
k=1,2,..n

X.supporty vHnefie Aatvayuyes lewiu X lugudeyaiis

X.supporty e Araduayued lowu X lugiudeyalmi

X.supportyp nedis Aradvayures lowu X lughudeyadiulss

FUP azuusmsvinnuesnitu 2 daundnfe First iteration uag Second
iteration and beyond Az Beatuneunsnuwes FUP adosda osunassdl
?
1. First iteration
nsveniludani sufiumsda (prune) Tewiiidu loser item uaz
Towiudidy winner item dadiu WSedurt 1-louuen ,
1.1 scan db LWE]W]ﬂ’ﬁ‘U‘SU‘U‘Nﬂ'] support vedlatil e prune 1o
Wiy Loser sanly wagmlewinilidu winner TnefivdnmsRarsandail
1.1.1 asl XEL, it support vaslowin X Tu DB uaz db
sy agle X, supportyp = X.supportpy+X.supporty 31NHUUNNN15MTI980UAT support e
1o
01 X.supportyp 2 s x (D+d) uangin lawiu X €Uﬂ Wu
winner item wagli XE L',
&1 Xsupportyp < s x (D+d) uamein lawtu X duq iu
loser item wagay prune lowisl X sl
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1.1.2 A3l XEL1 2ziin1shansan 2 dw fis
* prune lavindilifilontadu Ly 16 Tnsfa1sunain
X&L, uwar Xsupporty <s xd uwansilewiu X 1?‘14 \Ju loser item ag¥ins prune 1o
i X thufisly Ssagshsanduauns scan loviu lugudoyaiin
o asrvanulaiuiiilenaiiu U, TnsRansanann XEL,
uay Xsupporty = s x d T lewiu X fananalu scan lu DB ntuFaen X.supportyp
mﬁmm?ﬂaauinﬂu loser item 38 winner item lng
- 1 Xsupportyp 2 s x (D+d) uansdr lewiiu X
‘liju‘] Wi winner item waylvi X€ Ly’
- @ Xsupportyy < s x (D+d) wangI laidia X
thuq O loser item 9e¥iinas prune Tavty X uiialy
dlela$eaunszuiunisyauluseud azld Large 1-lawisen (L') Tu
giudoyaiiusulgaudn (updated database) Viansuaumsianulusay first iteration Lite
m large 1%lawftuien vee FUP uamdlémnindl 2.4 uagdanesiunanimsvhaniluseu i
wandlddanind 2.5

losess candidate set C; scan DB
# find Xsupporp. | o

K supports forall X e C;
s =56 7
db =

K.wpmrtm =
s(D+d) 7 5
12 losers
L'y
3 large 1-itemsets

Mud 2.4 aszurumsinanluseu First iteration Y89 FUP

2. Second iteration and beyond

P

msvihnuludiuiazduniam Large k-lowiuen e k = 2 Faqxdl
daunils Ailvdnnsyihaundne first iteration WuRenslamiuidu loser Aldausadu

n

=

L, tieanms scan k-lawfiunen o k > 2 lu db lagedouwadaiiin “Glewiu X lag Ay
loser item lunsuUszananasaui k-1 (e k > 2) ué lawiuen Taq veq L uguteyaiia
fifllowiu X Fanaradu subset agjazlsianunsaiu winer item luseudl k”  91nuudAn
sana1 Tu second iteration and beyond awilnsvhauddl
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2.1 w lowtuen Aduaandnues L, uas L', dufte w1 lewuws fdu
Wi dwilowiuigm ﬁaﬂug'm%’aagalﬁu uazgIuteyaiusuUTudn
Fumouilay prune loser item Ailiianunsadu L, iileansumila
Wiuiag scan Tu db TaeRansanain Y = L-Uy(awtu Y Taq fiduaundnues L, ualaidu
audnves L) tudedle X € L Aflewin v uduies axliannsaiiu wheduilewiy
o 1§ daify Tewiu X fandmszgn prune sl

1989
L, = (ABC Uy =ACD} L, ={ABAC)
i L-L" = (B} ’

e wdiuld B} Wuaundnlu L, wildiduaudnlu L,
datiu lowiuam 1a 9 Tu L, 7 (B Juaundn lewiuen g szi3sndn loser item Lazgn
prune aanlulaglifipanitly scan Tu db eansaogna lowimen Tu L, 7 (8} (uduien
Ao [AB} faths {AB) QN prune 88NN L, WAL L, Iindeaninotfe (AC) 4 (a0 QN
11U scan Tu db Lﬁ@ﬂ%’uﬂgdﬁ? support

Tunas scan @n@nfiiwaslu L, winwui

¢ Xsupporty, = s x (D+d) udaloimen  Juq 9wi3enin
winner item LLé’?%QﬂﬂﬂULﬁﬂu L'
¢ X.supporty, < s x (D+d) ud1 lewiuan uq szi5emin loser
item A9¥QN prune il
2.2 w1 new frequent 2-lawinign (L’2)

TutunouiiauiSuduan candidate 2-lowiuan (Gy) #98n1s join
operation 5zu3na L7, * L'y (Rethly scan Tu db wazw L2 Taefiansansisil

221 M XE Guag X € L',

Taigpai Tovtn X fananaly scan ludb iifessn x Ju
anBnuas L, wi @nunaldanduseui 2.1)
222 M XE C2uag X & L2
i lewiu X Asna1ilu scan Tu do udmsiaasu
¢ 91 X.supporty > s xd
T lawin X dana1ilu scan Tu DB wdaviudseen
support W& IATINABUMANUIN X.supportyp = s x (D+d) wéh Tidialewiu X huduaundn
89 L',
* {1 Xsupporty < sxd
U prune lawis X sanan G, wazlifaah X 1 scan lu
DB
dlewaieAutiunoudt 2.2 nadwsiildde L',
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2.3 hnsiudwudedduden 2.1 wew k-lowias  (k23)lusou
faly

ALALYaI FUP

1. fimsthuadndannnslufislugndayafunldsuiugudeyalmifiiy
W

2. annsaansuuuauianletiuen feshluld scan ugudoyaidu

doflsvas FUP !

1. annsoldouldlunsdvesnisiudoyalmid lulugudeyadusiny
dalyianunsaldldiunsdinisay uagn1s modification Tugudeyald

2. fadndudesiinisaunugrudoyaiiu vt new large k-lowhnen Tu
LGERIVES



Algorithm 1 FUP: A fast update algorithm for
maintenance of association rules on database
updates.

Input: (1) DB: the original database (with its size,
i.e., the total number of transactions, equal to
DY; (2) Li: the set of all large k-itemsets in DB,
where k = 1,...,r; (3) db: an increment database
(with its size equal to d); and (4) s: the minimum
support threshold.

Output: L': The set of all large itemsets in DBUdb.
Method: '

The 1st iteration: /* find Lj, the set of all large 1-
itemsets in DB U db */

W=Li;C=6L=6P=§
/¥ W: winners, C: candidate sets,
Li: initialized, P: for optimization */ .
forall T e db do /* scan db */
for_all 1-itemset X € 7 do {
if X € W then X.supportqs+-+;
else {
fXegl
then { C = C U {X}; X.supporty = 0; }
/¥init the support count and add X into C */
X.supporty+-+; }
}i
forall X € W do /*put winners into L] */
if X.supportup 2 s x (D +d)
thea L] = iU {X};
for.all X € C do [*prune candidate sets in C */
if X.supporta <sxd
then {C=C-{X}sP=PU{X}}
/* P will be used for optimization. */
forall T € DB do /* scan DB *{
for.all litemset X C T do {
if X € C then X.supporip-+-i;
if X € P then removes X from T;
/* Transaction T' is reduced */

%
forall X € C do /*put winners into L%/
if X.supportyp 2 s x (D + d)
then L} = L U {X};
return Li. /* end of the 1st iteration */

AR 2.5 8ana5iu FUP Tu First iteration




The k-th iteration: /* for k = 2 or larger, repeat this
program fragment to find L}, the set of all large

k-itemsets in the updated database, until either .
L, returned is empty or db =9 */

W=LyLi=0;
/* W: winners; L initialized */
C = apriori-gen{L{_} ~L;
/* the size-k candidate sets ¥/
forall k-itemset X € W do
/* prune off losers in W */
forall (k-1)-itemset ¥ € Li-y = L}, do
if Y € X then { W =W — {X}; break; }
forall T € db de { /* scan db */
for.all X € Subset(W,T) do X.supporta++;
/* Subset(W, T) returns all the sets in W
contained in T [2] */
for_all X € Subset(C,T) do X.supporta++;
/* find support of all X € C ¥/
Reduce.db(T);
/*Some items in transactions in db can
be removed, discussed in next section®/

}

forall X € W do
J*put the winners from W into L} */
# X.supportyp > s x (D +d)
then L} = LLU{X}
for.all X € € do /* prune candidate sets in C */
if X.supporty < s x d then C =C — {X};
forall T € DB do { /* scan DB */
forall X € Subset(C,T) do X .supporip++;
Reduce Db(T); }
/* Some iterns in transactions in DB can
be removed, discussed in next section */
forall X € € do
/* put the winners from C into Lf */
if X.supportyp > s x (D + d)
then L} = Li U{X};
return L{. /* The end of the k-th iteration */

Wit 2.6 Sana37iu FUP Tu Second iteration and beyond
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2.2.2 Negative border [7]
dana3fiu Negative  border lHunuisei@nwieifudyuinis
maintenance association rules lagganasANdaINIsaNTEYNtALL 2 NSaiAD ﬂ'l'il,ﬁu{l’aya

13
= o

Tmiihuas waznisavdeyaimeenivanguteyainy alidanesfiudasyinunielinis

(44

= s o

YUY ﬁqaﬁ’uayuﬂgwfﬁ (minimum  support)  wagA1ANEaIUTUMA (minimum
confidence) Al

W&NN$U83 Negative border fie aziimsifiudn ¢, Wi C, € L, uae C, &
Le 1o G € L 92158071 negative border fatinauiu

G ={A,B,C D, E} L, ={A B, E}

ﬁ'ﬂ‘liju negative border ¥4 L; %38 NBd(L,) = {C,D}

1nened1e anansaleulunnesaunstaail
NBd{Lk) = Ce= Ly %39
G = L \J NBd(L)

[

eumnavesdydnwalinltludanasiu Negative border fisnaazidundail

DB WNeis  Frutayaidy
db mned  gruoualnl
+: = 13 o

DB mnens - gIuveyalsuly

og ° < < v = v =
L mineds  Wielunlomanealugiudeyaidn

db g <l v a 2/ 1
L mnede  Waeluilemuealugiudeyalv

DB = = o 2/ ar
XY wedy  wieduileueslugiudeyaUiuus

NBd(L)  vanefia  Negative border %81 large k-lawians o k= 1

NBA(L™) weds  Neeative border T original database

NBd(Ldb) WIefe  Negative border lu increment database

NBA(L™™) vnerdia Negative border lu updated database

s vaneda lowimn 1nq lugrudayevie 0B, db uag DB”

scount waedls  ehmanudvedlewdiu s Mindu

tos(s) Wed  S7uI transaction T DB Filewiy s Wuaundn

t(s) Wnefia 19U transaction lu db #ifllawiy s Wueaandn

Fumeunsinauves Negative border azuvamsiraussnidu 2 d1u fvduvos
nsufindayalmi (Addition of new transaction) wagludruvesnisautayauiieeniy
(Deletion of existing transaction) §ana37iu Negative border uanadannd 2.7 Taeluus
avdnfiseanBeanmavhaudsdl
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1. Addition of new transactions
Jano3iiu Negative border LaRfsn i 2.7 Felisrwazideanisvinay
Fiatl
1.1 U5uusern support Wiy lawnuies fluaui@nves L uay
NBd(L) Tugudeyaidis lagiSuanawnunsuugadundaniugiudeyaie Ao W3
v db ar v o . ' P
wiwilewiuen lu db (L) luvamdeadiuliinisusuugedn support vas lTawaen 9
&, 8/ B v ﬂyJ v o = s ﬂl,
WUu Ly waz NBd(L) Tughudeyaidude ntulivinisiiansandall
d DB
1.1.1 nsals € L
i tle) 145 min_sup x (tpg+tee) W prune Tawiu s
Y DB
Wuganan L
011 toa(s) + ta(s) = min_sup X (tog+tys) WiAslawiu s 1
= a DB+
Wuaundnues L

1.1.2 nsal s€ Ldb waz s & LDB wax s € NBJ(LDB)

1 tog(s) + tee(s) = min sup x (tog+tys) Wiulau s 1
& a DB+
Wuangnvas L

1.2 ¥8991091n13U5UU 3R support Tuun - Lk uag NBd(LK)  Tu
gudeyaiiuFouiosnds @ndunoudl 1) nadwsillide wiiadusilotiumn lugrudaya
U3uUse (LDBH) annifusgyimistfSeuanuuansisuas Towfiuies lu LOB uaz LDB+ dail

121 n3diL0B = LDB+ (lifinsidsuves lewiuen lu original
database Wa¥ updated database) 318 lowien Mduaindnues nesative border L
finswAsuuUas ufe NBA(LDB) = NBA(LDB+)

122 036l LDB #LDB+ (fin1sidsuves lowinan lu original
database uag updated database) vanefis lawiuien Mduau@nues negative border i

n1sidsuutas ude NBA(LDB)  # NBA(ILDB+) Tiviinseruamen Imilasldfaidu
Negativeborder-gen( -~ LDB+) uansldnenin 2.8 lawnistien LkDB+ luAiuamm
NBA(LkDB+) Tuusazsau k mu level-wise

o 1

1.3 99n9unau 2 Wauluuial NBA(LKDB+) 1Sausaunal agian

[

LkDB ) NBA(LkDB) wasgruteyaiduuilisu LkDB+ U NBA(LkDB+) iiguiugudaya

v

Twai uilegAnadsuntas Ssd LkDB U NBA(LKDB) # LkDB+ U NBA(LKDB+) 2¢¥in13
W1 negative border closure Y94 LDB+ Uaaz¥iin1s scan  §rudeyalAudnasuiie
USuuseAn LkDB uay NBd(LKDB)



ar
AUNNDANANAN WTZAUIr Erananced.

function Update-Large-ltemset(LCF, NBd(LPP), db)

//DB and db denote the number of transactions in
the original database and the increment database
respectively.

Compute L%

for each itemset s € LPP U NBd(LP?) do

tan(s) = number of transactions in db containing s

PB4 &

for each itemset s € L7% do

if (bpp(s) + ta(s)) > minsup + (DB + db) then
LOB+ = [PB+ 54
for each itemset s € L* do
if s € LP% and s € NBd(LP?) and {tpn(s) +
tasfs)) > minsup + (DB + db) then
DB+ _ p DB+
'éfL Fid L{?. 5
NBA(LPP*) = negativeborder-gen(L” )
else NBA(EPP+) = NBA(L7?)

if LPP Y NBA(LP?) # LPPH U NBA(LP P then
S = LPB+

"Bihpute § = SUNBA(S)

until S does not grow

LP8% = {7 € S|support(x) 2 minsup}

/! support(z} is the support count of z in DBU b
NBA(LPB+) = uegativeborder-gen(L7# %)

A# 2.7 danainuvae Negative Border

Junction negativeborder-gen(L)
S&&it L into Ly, L, . .. s &y where n is the size of the
_ ¢ itemset in L
foﬂj%‘::l,?,...,n‘.dﬁ il
compute Ci4y using spriori-gen(Lz)
LUNBA(LY = ,0a . wa1 Ok U where I, is the set
of 1-itemsets.

AWt 2.8 Tlefdu Negative Border-gen

2. Deletion of existing transactions
lunsdifififeyagnavesnain grudeyaidu axvhmadume L way
NBA(LD) Tnai faemsiienan s.count Tu db wnavesnann L waw NBAL ) wan
MTIVADUA s.couNtpgqy NUAT mMin_sup * (DB - db) wuiReriuTunoudt 1-3 ludiuves
ﬂ']SLﬁﬂJ‘iTﬂEgﬂlmj (Addition of new transactions)

142424
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ALAUVBY Negative border

1. §insle lewiuem iy negative border 1Jushdndulsluns scan
PRAGHETH

2. 1in15 scan gm"u’@:&mﬁmﬁmﬂ%ﬂlﬁm Tunsdidl L U NBd(L) #
L% U NBAL

do1duvas negative border

1. Wdamelunsdifilid new item ity

2. N13W1 negative border closer lgianuulunism L, wmsizdeadinig
M WETBUTBIAL L = L U NBA(L) viavim

3. fosllduiifudeyainduiieliifud negative border

2.2.3 Promising frequent lavisen algorithm [8]

Promising Frequent lawiuian  Algorithm tHudanaifiuiidnwidu
maintenance of association rules li dynamic database Tnewanaumdnidesnis scan
FutoyalAx winnsvesdanasfiuinenslden maximum support count 98 1-lawiuien
#ldunaamsfuisilugndeyaidusunyhniswensaimen small lewiuen Ailonaidu
Wheduilatuen Welnsuusadulmifiudhun Jwsidun lewiuen fana1ain promising
frequent lewiin

TunsAuamm Wiiatuilewiien was promising fre;quent lawiuien
‘uaaé’aﬂ@%ﬁuﬁaﬂ%’wé’nms@wﬁmf’iu Apriori  WA9EIAIUWANAISIUAIUYBINNTIN join
operation @aifial Apriori 9891 join operation 1A G, = Ly *Le; waludIuwes Promising
Frequent lawianan Algorithm 98+ join operationtae G = (Lit\ UPL )Ll \UPLy )

anunevesddnualiildly Promising Frequent laifiuam Algorithm i

2
=

SALLBUARIT
min_PL wnefs anlansiaaoudl infrequent lawiuen laq filonna
1Hu frequent lowiuien Ia Ferinalaanaunis (2.1

. maxsup _ . ; . .
min_ sup ,,— *ﬁB— Xinc _size |<min_PL <min_sup,, (2.1)
- fotalsize B

oty

min_suppg A8 A min_sup Y84 uTBYALRY

maxsup @8 1 support vaa lawfiuen Aifidgsdian
totalsize Ao Snumsuwseduiiieglugudeyaidu

o dununruueeduiifleglugudeyauiuuy

Db

inc_size
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Lo el Waledun k-laiueslugudeyaiiy e k=1

PL  vanefls promising frequent k-lawiuon lu original database
o k=1

Lk(Dgudb) wineds frequent k-lawfiangalu updated database o k>1

PL opuay Ve promising  frequent  k-latfiuinlu updated
database \ilo k>1 .

- vinefia candidate k-lawfiuien Ty original database o k>1

o5 vangfa candidate k-lawiuen 1 increment database iifa
k=1

X.support muneds @1 support ves lawiu X laq

Sanesiutinanisiausondu 2 da fe 1) driuwesnnsUsemanaly
diuveegudayalin (Original  database  discovery) Uag 2) diuwen1svszananaly
increment database (Updating frequent and promising frequent lowiuen) eaviden
Msvauvesia 2 dau igedl

1. Original Database Discovery

o ' & ao ¢ s o
nrsvihnuludiuil Tingussasdiitomuam frequent lotulan uay
promising frequent lawiugs S1sazduan1vinuiine
1.1 Al min_PL auaunis (1) ivelglunsvingau infrequent
== wm k
lowiuen Aflnuau iy PL '
3 1 C
1.2 Audm frequent 1-lawianam (L gg) U promising 1-frequent
1 ¥ ad A ) Y . ' m a o ) o &
(PL ) 83BN TIULAEINU Apriori 1aed1 min_sup Niivualagyly szldmaaauninudu
1 ' ‘ S A o v ) = ) &, 1
L pg @3uf1 min_PL Airnwialaaindusoun 1.1 aldvaaauanuiiu PL oy
2 s W\ ' = 1
@S adutuneull 9¢la lawiuen 1 XE L g waz XE PL g
Al o il 2 2 1 !
1.3 ¥ join. operation a1 Cpg 99N Cpg = (L pg\IPL pg)¥
1 1
(L pg\/PL pg1)
o 5 v = k k = o
1.4 vng19e 1.1 = 1.3 Wan L pg ez PL o usauit k=2 Tusaudnly
naaws#laainn1svirauludiuves Original Database Discovery fie frequent laifisam
k . k v a
(L pg) Wt promising frequent lawiuan (PL ) U4 TIUVBYALAN

2. Updating frequent and promising frequent loviuign
nsvhauluduil iagussasdiiovinisufulssenatiuayures frequent lewiuen uas
promising frequent lowiun nsradndannisusznanaluaiuil eraezuandliifiufioa
nsilAsunyasues lewiaen Wy promising frequent lewimen e1vasdsudu new
frequent Tawianen Tu increment database (Wudu
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mavienludini 2 szudseanidu 2 daudesleud 2.1) daumsuiulss
Anafuayuued WilaTwilewines wag promising frequent lowiuas nydl 1-laWiuen waz
2.2) gwmsuTulenn support 983 frequent lowiuien uaz promising frequent k-lawiiy

e N8l k-lowiuien We k=>250az8uansvinanuilnat

2.1 Updating frequent and promising frequent 1-laifisan
mMsviuludveansuiuuseen support vaa frequent lai
WA LAY promising frequent leiiuen nsdl 1-lawiuie wandldmanind 2.9 Sl
snwavdeamsvnaugal
7id ‘mms scan g1udeyalmi (db) Lilemen support wes C' @
ntdliimsTinen support w81 C gy Anwanls Wiy ¢ Dgiumuwmmu (DB) an1i

Tivhnsiasadien Tewuws Ai0u Lo 482 PL oaLgy 994

(1) N3l XE Cgp Uias XEL pg 30 XEPL o

£ X.supportips_ae = min-sup * (DB+db) Wiulewiu X
gl L s W Templ

(2) 038l XE C g uay XEL o

1 X.supportips_as = min_sup * (OB+db) Wiiulewiu X
Tl L s

01 min Plipsoas < X-Supportpsuds < Min sup *

Y = B { AW -2
(DB+db) Widiailawiu X duidnlulu PL ps s Y19 min. Plps iy S1UMINENNTS (2.2)

maxsup

—xinc _size (2.2)
totalsize

min_ PLp ., = min_sup pp 4 _{

(3) n3dl XE€ C10B uaz X EPL1DB

6 X.SUppOItpe_idny = Min_sup * (DB+db) Toiiulewiu X
vty L ppay wae Templ

ol Min_PLpg_dnySX-sUpportps gy < min_sup * (DB+db)

Y o < LY 1
Tdilowin X dwdnlulu PL g e

dwisuvia 3 nsdl (1, 2 way 3) sdunsesieaeu e
v Tunsdliu loviuwen Wusingeglugiudeyaiivdiunsalfinunde 2.1.1.4 sxiunsdli
Ju oo Tvifdsusngiusnly increment database

(@) n3dl X& CIDB (new lowiuem)

{1 X supporti = min_sup * (DB+db) Tifisiladia X the
WU L ppay Wax Templ



21

61 min_PL(DBUdb)<X.support(db)<min_sup* (DB+db)
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Algorithm Updating frequent and promising frequent
l-itemset
Toput:
{1) L' pg: the set of all frequent 1-itemset in original database,
(2) PL' ps ; the set of all promising frequent 1-itemset original
database,
(3) C'ps: candidate 1-itemset of original database,
{(4) C': candidate 1-itemset of incremental database.
Qutput :
(1) L psaw : frequent itemset in updated database,
(2) PL opuay - promising frequent ifemset in updated
database,
(3) new frequent itemsets : new frequent itemset in updated
database ,
(4) new promising frequent itemsets : new promising frequent ftemset in
updated database ‘
(5) Temp_newCk : new candidate 2-itemset in updated database

1 Cly = all 1-itemsets in 4b with support >0

2 k=1

3 While C's > 0 do

4 Foreach X € C'py do

3 X support (ppuay= X.5upportos + X.supports

6 If (XeL'ss or X¢ PL'ps}and

7 (X support (pguay ) »= MR SUPpsuay Lhen
8 Add Xtol! {DBLIdY}

9 Add X to templ

10 Foreach X e Llpgdo

11 If X supportpaoe = min_SUppsue Lhen
12 Add Xtol! (DBLsdb)

13 Else

14 If X.supportpsoe>= min_PL mauay Then
15 Add X toPL! (DBt}

16 For each X & PL'pp do

17 If X.supporlmress>=min_supmavay Then
18 Add X toL! pgie

19 Add X 1o templ
20 Else
21 If X.supportpsua>=min_ PLpgoey Then
22 Add X to PL' pauay
23 For each X e C'pgdo
24 Add X to C' muay
25 If X supporty, = minsuppsoay  (new item in db) Then
26 Add X to L' paoay
27 Add X to templ
28 Else
29 If Xsupportay>= min PLosoay Then
30 Add X to PL! ppoay
31 Add X to templ
32 If templ # {} Then
33 Y & templ
34 C ooy (new) = gen_newcandidate (V)
35 Clear templ
36 Add C ooy (new) to Temp_newCk
37 k=kHl

lowisen nsdl 1-lowiuan
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Algorithm Gen_newcandidate

Input :

(1 )L s ey : frequent k-itemset in updated database, .

(2) PL*ppo_ayy : promusing k-ifemset in updated database.
(3) Templ : new frequent k-itemset in updated database
Output :

(1) new C*': new candidate k+1-itemset in updated database.

If k <= (length(L) + length(PL})
For eachY € Templ
C (new) =Y *(L* o5 uany)IPL 0r way)
Force C*'(new)
Delete ¢ from C*pa(new) ifall subset of cis in L¥or PLF

A e L2 B e

MuA 2.10 dana3hiu Gen newcandidate

Algorithm Find_SuppcountDB
Taput :

(1) L ppuey € Temp_scanDB : Estimated frequent k-itemset.

(2) PL*pa my€ Temp scanDB : Estimated promising frequent k-itemset
Output :

(DL meuay : frequent k-itemset in updated database,

(2) PLpsuay - promising frequent k-itemset in updated database

For each W e Temp_scanDB
Scan DB for W '
W.supportpp = W.supportyg + W.supports,
If W.suppottpaua == Min_SUPpauas 1 hen
Add W to Lk {DBUdbY
Else
If W.supportpsoa >= min_PLagoay Then
Add W w0 PL‘: (DBLIdb)
Clear Temp scamDB

h B W B e

O 00 I Oy

A 2,11 Sane37iu Find Suppcount DB

24
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Algorithm Update frequent and promising frequent
itemsets for k>= 2 itemset
Input :
(1) L55: frequent k-itemset in original database,
(2) PLE,g : promising frequent k-itemset in original,
database
(3) Temp_newCk : new candidate k-itemset in updated database.
Cutput :
(1) L*os - frequent k-itemset in updated database,
(2) PL* pa uaw : Promising frequent k-itemset in updated database,
(3) Temp_scanDB : estimated frequent k-itemset and estimated
. promising frequent k-itemset in updated database
(4) Templ :new estimated frequent k-itemset and new estimated
pronmusing frequent k-itemset in updated database
(5) Temp_newCk : new candidate k+1-itemset in updated database.
1 k=2
2 While k <= (length(L") +length(PL¥) do
3 Scan db for V(LY. V(PL) and V(items) € Temp_newCk
4 X support ¢ ppoday; = X.supportps + X.supports
5 Foreach X e L'pg do
6 If X.Sﬂpp()ft{pguﬂbg = min_hmpmum Then
7 Add XtoL" (DBub)
8 Else
9 If X supporippu s >=min_PLpa ) Then
10 Add Xto PLk {DBusdb)
11 For each X € PL% do
12 If X supporfos. s >=min_suppsus Then
13 Add X to L" pauay
14 Add X to templ
15 Else
16 If X supportopos >= min PLoscay Thed
1 Add XtoPL! (DBdb)
18 Foreach Y ¢ Temp newCk do
19 If Y.support, >= min_supg, Then
20 AddY to Temp_scanDB(L op )
21 Add Y to Templ{(L* ppoay)
23 Else
23 If'Y supportus, >= (min_PL mguay)
24 or Y.supports >= min_PL psy YThen
25 Add Y to Temp_scanDB(PL pp. )
26 Add Y to Templ(PL pauay)
27 Clear Temp_newCk
28 If Templ # {} Then
29 Y € Templ
30 Cmmgum (new) = gen_newcandidate (Y)
31 Clear Templ
32 Add C™ pp_ay (new) to Temp_newCk
33 k=k+1
If Temp scanDB # {} Theu Find SuppcountDB

Mwi 2,12 dane3vin USuupm support a1 frequent latiulen waz promising frequent
lowiuign nsdl k > 2 lawisen
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2.2.4 Probability-based incremental association rule discovery [3]
n1siinvegn1sAumInganuduiusiagandevdnaruiiaziiu wis
gana3¥iu Probability-based incremental association rule discovery 1Uusana3ius
g uanlagedendnniamanuiasdumengwjivesyadlunisinnelowugai
' & = v =] = 2 @ ' 1 1 < W & & A o
maaziunsindwileiuen FslawindanadriazdislunisfrunvEiniuileiiudadiodl
sudayalmiiutun Tnsagilavinwadinanivawnulugudeyafuiiswsuioaie
viuugsiatiuayu aludedndisanduiuaiwesnsawnugiudeyaidu disisuiu

daneiiu FUP Magdpsaunugiuyanng seu k deiligydenailunsaunugudeyaiy
nsinuresdaneifiumsiinvensnganuduiusineerfondnnisaiiy
Uraziduazuuanszuiuntsvinusendu 2 nszuiuwdn Toua (1) nszviunsiumns
14 < 2 a s o/ = 1 % =3

wiilauwalugudeyaduwas (2) nssviunisdivuswazdumniiaiuiladiuianly
grudayalni Ineva 2 nszviums 1 Juneundniiagsensziwiiouiufion1smulnmen

1 & < o & v & 1 ) o
ruagiduveslemuniilomasviduGindulefinwalugiudeyausuusinl

",

k-l n+m X m+n—x
P(xék):l—Z( 2 J.p (1-p) (2.3)

x=0

=l o/

Tng — P(x2 k) ynefenuinsiuilodiudnnsisiaduayu
nnnIvseinAuAETuayY £
ko mnefeatuayuiosiigniinsiibiladiuasdunane.duns
wiuilawiaslugiudeyauiulss '
n - neisnavEedwunukeRtuluguteuasy
m - mngiwnavTednnunuwsadulugudeyalml
p  wneimnhanduvesnsifaladueafiiansuily
ﬁﬂuﬁaya%ﬂﬁiuimﬂWﬂﬁWUQUﬂiﬁuLt‘Uﬂ%’UﬁgﬂMNW‘tlENE'lU“ﬁ’e]HﬁLﬁﬂJ‘ﬁUi'\ﬂQlaLﬁm‘dﬂﬁ
ﬁmmnm'iﬁaaﬁ?ﬁuqumi'}uLwﬂ%’uﬁu’wummaagm‘ﬂ'@:ﬂmﬁu
Med1a Mvualviidnnugudoyaiu (n) 10 nsuwsadu wazsiuiu
gudoyalmi (m) $1uu 5 nouteedu Snuslifiaatuayutusi 40% waslugiudeye
ihillewiuen A Usingegdiuau 2 nsuugadu
nd1eE1e A1 k Aeraduayutosiianilewiuenduaznaisduns
whnilemuaalugiudeyauiuls dAunaan k=(@m+m)*40%=6 @ p A
nndnnunsusedulugudeyaiuiunngleiu A faiidwvindu 2 msdeduaunsu
Lt%ﬂ%’uﬁwummgm%’ayaLﬁu%‘aﬁﬁiuﬁwﬁu 10 fatu p=2+10=02 9ntduaien &
way p fildudnnamaniesduiledu A szduiiefuilodiuealugiudoya
Viuuge Ingldaunisit 2.3 dwunadldded
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6-1

10+5
P(x>6),=1- Z( J.O.Z"(I -0.2)"" =0.06
X

x=0

Pntlimanuhenduiidnnalfnseudiouiuin prob,, daiy
Amaasudndmilaiifldasdosimun wudimualien prob,, =0.1 aziuldin Areay
vhazifuredleiy A afiduiniu 0.06 fedeenitm prob,, Faileuviiu 0.1 fafu lo
Wi A sgldfaidulediueaiinninsfuEieiuilediuen uasazgndniisly Ty
Auanlusauialy ‘

Teazidsatunounszuumstumiiefuiladimenlugudeyaifuuay
nszvIuNsUSUsardumiieuilaiueslugudeyalmi freandundsil

1. nmsfumEiefuiloduenlugiudeyaiiy

11 aunugrutoyaiuiommatvayuvedlowiuganni

1.2_dnnaAinhazduvesleiimaniinnieaiuniiniuile
wiseelyiurlawiung semsdnnmuanaunsi 2.3

1.3 - wisieduilewiuien lnsfiarsanainratuayuvesdleiiueni
adpsiidnnnnirvativayudish (min sup) #ldiwun

1.4 lasiuigadalafifidratvayuiosnitdiadvaduayutusi
(min_sup) wagdidmuisgiduedaimgaiaainagiuwiiefuilamimenuinnine
prob,, 3xgnizani leviuvianieaduBieiuiledien

15 Anamainavidesiigaiirninlamiumsaznarsdunieiun
lowiuenvasgrudeyaids uwnuddiedydnual p™ femsmaraivayuida s iian
nnlaiuiieninaduiaiuilefiugeisn

1.6 murveudl k e wnndwvhi 2 Tuly Whiiumsadhaueufion
lawinansienisaes (join) 589N (W EF28 X EPEU EFPP)

1.7 wnsulihmatuneudl 11 - 1.6 aundagbiannsnadauaud
wnlaiuenlasn

2. midsudsuazdunisinduilomunenlugudoyalna

funsumausulsmazmsdumnieiuiladiueslugudoyalmi

2.1 aunugruteyalwmiiemeativayuvedloiuaynd

2.2 YUy tleimeniiduniiefuileiuen £ waglawiuiiann
ManduBiadun leviuenvesgudoyaiiu EF

23 fummanuiazduredeiueaiiniaiiesdunbiaiuile
Wangslrurlewiumnd fensdummnaunsi 2.3

2.4 visipiuilaWiueavesgiudeyauiuup £ Tasfinnsanaindl
atiuayuveslaifiunfiazdosiaruinniiAraiuayutudi (min_sup) Afléfmun
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25 laviueadaladfifidratvayudesnitdratuatuayududs
(min_sup) wagdimaaniagiduradleiueniinnizifuniniuiladiuesunnndidn
prob,, azgnident leiufimaieadunEieduilewimenvesgudayausulgs EF

26 fmnumimmavidissfigaiimaitlediuenaznateiungia
laimgnvasgrudoyausulss wnuindedydnval p” Memsmeaivayuiidaides
fapanlainiinaitasdurGiaiuilodiugniioun

27 daussoudi k fien wnnnduriiiu 2 Suld Weidunsathaaudon
lawiuwamenisase (join) 1ne

Y- nsdifl k =2 Wiehauaufieslaifuenannnissesseing 20 *
F;UD
- nsdi k> 2 adeuaufiealefiienainniseessywing
e (FA VU EES M E2 U EFS)

2.8 vwAudnalefiuwaildnatnugrudeyalmiiiomuiumiad
atluayu '

2.9 YuUssmatvayuresloiumniiluaindnues £ uay EFP?
RN dureslawuwaiininiay dundiefuilowuen Wuiieatu 9o
29

2.10 wimiadurilaingnvesgiuteyaliulse £ Tapfiansunain
eanfuauvesladiuniivsfedinnanitmatiuayutiui (min_sup) fifldtmun

2.11 lavimgnilafildratuayuisaniiaAaduatuayuiusi
(min_sup) wagfldmthazsduresleimenfinnniias duniiniuilodiuwnuinniie
prob,, wgni3enin ladiniimenaduwiiniuilewimenuessudoyausuls EF

2.12 uauhienlewimgsialalildiuaundnues £ uay EF2 1%
ihehatfuayuvasuaudnslaiugmiuuingaesd o -1 udhlunsaeuivshaduayudy
anfigldimun wn denannmneaasdlaineniuillonafes Jundiausilowien
Y093 uvoyaUTUUT ﬁ’w?ulmﬁmwﬁ/ﬂ:gﬂLﬁu"f,’ﬂuﬁmﬂi Temp _scanDB wWiothluldlu
msaunuguteyaiindneimis ndmniild Wieduwiloviuenueylediufimainaaduns
WRIUVlaLNLERATUNN AL

213 ¥hdnde 27 - 2.12 auningliannseaduauienlodiueald

214 Arlawvindigniivliludiuds Temp scanDB 1Wauwnulu
uteyarumeuiuusAaivayy antudansiniuilewiuen uaglowiufiaainaziduy
Winhwilawuensefeulududsiuie 2.10 uas 9o 2.11

Yofveq Probabllaty based incremental association rule discovery
1. aﬂmmuﬂiwmmsaunumwamamu Tnedanesiiuiaziinsauny
sutoyauiismiaden
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2. Tavdneudasdulumsvunemledisfiaaiasdunsinduilewi
wavihliiidnulamuee igninulilunsussinanaseudalutivenifisn3suiieuiy
dana3fin Negative Border

Jaidevas Probability-based incremental association rule
discovery

1. lunsduwumemanuinasiduszidymilunsiunauanesea
Tunsdifisunududiann

2. Tunisduaumaatinasduredediuesiiflonaasdundiaiun
launenduiurdemsuinunsuusefuiviveuvespudeyalmifivzgnifiandnu
Hululgdn Tuuneads aifm'mmmLwﬂ%’u’[u%’agaiwﬁLwia::ﬂ%mwzﬁaﬁmuhjwi'lﬁu W30
vnfiorsezlinsususumsuuseduvasgrudoyalml fdunsdindsiazilihiawnsa
Auwuaanuantule

2.3 NQEMTUTEIAAMIUINABNTUINKAIUNA

nvguunaiisveansiisiazalay (Demoivre-Laplace Limit Theorem) [9,
10] A1 Lile n didwnn Fwdsduniunaiinnniwes n uaz p agfinsuaniaslndifes
fumsuaniawesiulsduunAndsndguazaruususunihiuresiau sguniunm il
U 0.0.1733 inshilewgadlalunsdi p = 05 dosnaaglangaluns p la lud A
1812 91 lunsudassruusduniviadusauwdsguuinsgiu (Standardized  Random
Variable) ~ lagnianade np wravesn udwnsseAdsauLINATgIY frp(l— p) Wi
lefdunsuanuasve sy sduansgIui azgiingiladdunisuanuasdnfuinsguile
n— 0

nqufjunil 1 nouijunalinvedmeinsuazaiuay (DeMoivre-Laplace  Limit
Theorem)

Mg ufuuiliangigaiunans (Central Limit Theorem) lofr n, np uaz ng i
YUIAMRINN AILUTFUTBINTRINUIWUUNTUNY EUsal TN AT lARmEnITLaInLTUNd
FIANNTT

- - 1 _(ke-np)?
B¥ =)= (k)p"qn , ETnpqe 2npq
dlofmunly
n wiu  snuedwesnsveass
P wiy  Swuediifemddalunismaass n ade
q wiy  wuediidemlidislumsmaass n s
k Wy snnuedwesrnuduse

P(X=k) uwm amnhezduisudsdu X svUssaumudiiaiiuy
k a3
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dmiunisiigatinnisuanuasunfanunsamianldlszanaainiswanuamiug
KAAIAINIAKNUIA N

atelsfinin nrsuanusedurndudunisuasnasuuulideiiies (Discrete
distribution) Faldfusruamiiy (integer number) Tuvaizd nsuanuasuuUn@fiunisuan
wIsHUUsaLies (Continuous distribution) #ddfus uanase (real number) Sevinlvilana
Aadmapdeulunisuszanae Weanmmeadousnan suiudesdinsuiudilaenis
whemuReLiie (continuity correction)

= W 2 o ) ' a = o '
unumsnil 1 msuTuunanusiaiiosannmiudsdibiunagatunisuanuaanuulyl
nawad laeldn1suseanamuuukaneaaunidadunisuantaawuusatiied [10]

( | af%fnp b+%—np
Plas X <h)m Pl —=— <z %
Vrp(l-p) Jap(l-p)
ij@
. x=p)
& c

i TunisUssanafnMswankanTILINdI8A SLINIANUUUNR ten % 1
viniduazaveanlunsAnnameaauanidy delunisaarinuanedeusingin
1]

TusuideilAdmannisszaanuainvusanussunfdunldlunsdumng
mnuduiusuuudivvens wWslilumaudtamnsduasmmanudiea duiisanasiuns
fumngradiusuuuiaeslageifsraniesiiulsraviudoanainnsmuanei
wiaviaSea Woduauaidirnn Suaevilinanisineldminnuiiesduiiutdusni
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NSNVEIUNHAMUFUNUTAEN1TUTEUIUAIUY

Pessimistic

nsivenenganudiusidudaneifiuililunisusuupmmdniuduesdoyalu
swidoyavualug Welinmsiugasienmstoyayalmiviilulugudeyain anadawaliing
anuduusiAuTileglifirugnée dudserafivingiifiasey vingenaeslinsey uaz
omazdingauduiuslmifiatuin dmivnuddel ssduaueisuidagmnsuiudsing
awdiniusiilalinsifiudeyagalmidnin Tnserdevdnmsussinaruuumaanuasiuy
Und ifieandiuaulaueniiazirvaunilugudeyaiiu Tnsludiuduneunisisumes
Sana3fiuihiaue Meazdaadi

3.1 maUszanadnladiuiinadiandunfiedusilefiswadlsnisusenaue
wuumsuanuanuni

el umahiauonnfevesnmsiumnnerudiiusignisssnauuy
nswanuasdnd iethuudlatlgmnseuadmmnissfuredenafiaviianiieiurile
Winaadeisnismasiesiuiuuiuesyed deesiilymlunsiuialunsdifes
AummuaneEsanduuduRiaun lunwidereunth 91 udledamnisiuia
anuhasndudemaifisudn Suildieniesduilihildmemmiaziuiuias
duwalidanaifuduilanahweenuernhasduiananaly Tuideilveiauaiiont
nstmanMIUszmanwuusInLasUnAtAnnamahasduresmsifansiniuile
Wit

MnndnnIsnisdusuesyeaiiussnaudenisvaastsiuau n afaii
anaudaseraiu uagnsifamanisallunsmnasudazeiaazsenouseradiiaves
NARBY UALHARIANIMAIvaINITYIRaes WiadhwdnmsveawasyaauUszgndldiunng
AUMNYANENTUS ansainnwinnsAnainiasannisiiaveslewiuealugudeya
160 Tinsvaaes n A vangle Suunmuusadulugiudoyasng n neuweedu uas
wan1saaedldun nadavienisUsngiuedleimemiuusiazuusaduresgutoya
Fadnloviueniiiasuunngeglunsiunsaty szmnefaansmaassiduia lung
ndufiu wnlewiuesifiosanlivsingeglunsuueedu ssmnefimansmaassiiduman

90 flerdunsnszaeivesiudsduviuiy faunsi 1

fx)= (:Jpx(l o) . x=0i2%. .0 (1)
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mAnuazdumensuankaawuunIuuifiusg X aglimadudadnuies
N1 k ASIWID P(X < k) fEn1SVAadIuIl n AS1 @saanamlaaInaunisi 2

P(X <k)= kzlj(:) P g @

P ' & o w ] v o & o ' = oA
Inaun15N 2 Ananduiidhulsdy X eglinadsadnununnniviewingu
k #3950 P(X 2 k) fMen1smaassdiuiu n A3 dusaanuamilaainaunisi 3

k—1
P(X>2k)=1- Z[Z] pr=p)" (3)

naumsi 3 dedundsrandlslunsmaganudniug wxlleudud e
oil
Wy S uusaduionelugudoys
W anuesiduresmsialaiugeiifasanlugiuteya
wu fahazduvesnisbifaledaniiansanlugudeya
wny Smnunswendalaviumnifersan luiidesmneteen
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«anfuayudunmio min_sup Al dummesuaEunsn

sl Arpnunasdureanmsifnlamuesiiiasanlugiuieya  vied p
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aunsamulallagil
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| DB

P

Wi 628 umu Fwnunsuugatuiiusinglowueainswn uas | DB| unu
PunumnuwRiuiunreguTela

dumrmumhavluresansliifnlediuganinnsanlugiudoya wie A1 q &
wsaalaain 1-p

fredymifidunuainnisideneunty Irdredgnifiiinainnsdiuanen
wianeldsasnsuuinitidnng Mlkadeaduiliiemdnnisuszanuany
insziluiuuniviusiisniswanuasunfundssendld lasdsdwinnguiuniinueandas
waza s uazuAansuiuuiarueiiesnduusduvivalaglénsussanudwoy
wanuatUnd Araruianduifulsds du X alinadniaduutionndt k afs vie
P(X <k) Frommaaessnnm n ads faumsd 5
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P(X <k)= Z rjs —=¢ iTﬂ] & (5)

Inaun15n 5 agledn anuiesdundwdsdu X sgldmaduSaduiuninnin
WoWNAU k& ASI 159 P(X 2 k) MEMSVaassdIuil n AST anunsouanslaniaunisi 6

PX2ky~1-Y [ A
( ) IOI—OSJF
1405 ] — :‘
== 0-0.5 O'\/_ ( ]dx
LI )
=] a8 0'\/_2;6 dx (6)

NNANMSN 6 Weduszendlinsnudderunisduningauduius Aau
unsitinlediugnzillenmaduiniuilamiuge wie lauigeiilonaiiasfidaivayu
X fannnaitmaduagudiuan & asaansofuinmiainaunis 7

05 I(I—ﬂy
ProbEF, = P(X > k) =1- o) dx, 7)
(X 2k j N

We u=np uax o= npg Uaz n ARINNUNTNMTATUYEITINTBYAUTUUR
|UD| &sAuaaulaann |UD| = [DB|+|db]

naun1sin 7 daduaunisissihunldaunamirianudineiuiileuviugn el
Tomadunsiniulowimealuniddeil fdiduromsuaianmiasiuvesnsleviuenlu
grudeyansa p iwethilglumsdiun § annsaruamilalagiindnnsdszuan
dndungusiagng (sample proportion) inusenaleail

o Yo e oW ' - o v X A a4 o & &

Mvualy Avdadiungudiegne vie p  Aald = e x AadiuiuAianng

n

naaasithaulearlinadiie waz » Ao Suadwosmveassianus Jaluaide x 9z
winefisduunsmueeduiivingloviuwaifansen wagld 7 mnefs Srnunsuugadu
wanualugiudeyaiiu medradu Tugudsyaidniinsunsaduiavan 120 niuugadu

uay Unngirlilewiues A Fadulafineenfiansanusngeglugiuteyaianun 30 ns1u
waatu fafy p=2=2% _02s
n 120
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agslsnamdndIunguiIeg1 5 %’ﬂ'j%ﬁumﬁmamSﬂizmmmuwfqm (point
estimation) Fioralaauiandufivesmsiialowiuwaiifuiaildannnisusyanue
LmugmmﬂLﬂéiauIUmﬂmmmﬂwmﬂuﬁuﬁﬁq o luen3sed Wauenistiemdnans
M3UTEINUAUsETNTUUUT LAY TRITIIA T ety (Confidence interval) Whangaely
mstiufmanihzuresmsinlawinen sl

Auaisvesdndiuiiegn fssdumudeiu (1-a)% fe

n p(l—p R p(l—p
P—zy p=p) SpPEp+z,, pd=p) (8)
n n

PnauNsi 8 MsUssnuAnadsvetdndmsiegniisssuanudetiu (1-a)%
1 sxditrrveunuuLarIRUREs widhensUszna ledinaniinniies dundiedus
Towueniiu §idufesmaiiuveuimenuniagiusasniadnladumaiind fudu agld
F1 eenuihasduiivenliialewiun (Probability tolerance threshold of lewiuan:
pit ) Fraztirludunamnudn pluaunisii 7 ail

i
pity=p+z,, ol 9)
n

i p luaumsii 9 aldanaunsd 4 menuihasiuiivedliisliiuee
(pet,) il ﬂzﬂhmﬁmmmmﬂlﬂmﬁuﬁlaLﬁmwﬁmmﬁa::Lﬂuw%mﬁuﬁlmﬁm%mﬂﬁu s
WsanesiniulovinaniinminaduiBiniulewineninntu dwal¥assuulediueni
szgninlvaunulugiudeyaiiuiivesas

3.2 SanasfiunisumngauduufUinYEediensUszINuAIUUNS
HITUIIUNRA

nsfumngasduiusuuuiivverslunuidsadud avlindnnisming
anuduiuslagldsaneifivornilaSifiugiu fudunsfumdeyamuddudnnumninues
Tewinemantielumann (k = 1, 2, 3,.. n) Tasdielewiueniidunsiaiui k-1 lowies
uldlumsadre uauien k lawiuen fetunaunisess (oin) wazn1sein (prune) lowiud
Liaunsaduniniuiladumemeonty venmnideldimdnmsauinasduiildlunuide
Msiuvenanstumnngeudniudladlivdnanmhasdiudanlszendsaudas Tunsm
mnuhazduveslediuaiitainsduiiiniuilediueslugiudoyauivus ioes
thlllumsdumsieiuilainesluseudaly uasansnulewiuwniiasgmirluaunuly
sudoyaiiu Wotiwansyoznanlumsuszinana

faneTumsifinversnganuduiusienisussanaiuuunsuanuani ay
wiamsinusenid 2 Sureundndaedu 1
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1. msdumniietuiloiuen uaglowuiinnisduntiefuilodmuwaly
FIutayaA

2. msfunieiurilavdinen warlawiufiniadrendundiniuiladiuwaly
udeyalmivazysulgaliduilagdy

Javduanisiaeutesdanei i 2 funeundn dfuusvdedydnvalingg

faviualy wail
msaft 3.1 dydnvaifllfludaneifiumsiiivseiengeudiniuddensssanuauuuns
WINKATUNR

deyanwval ' AN
|DB| | auavesmnumsmntaduvesgudetaiis (Original database size)
|db| °szmw‘%‘aaﬁmummLwﬂ*ﬁwmgﬂwﬁagalmj (increment database size)
|UD| mumﬁaﬁwmummLLﬁnﬂ*ﬁ"u“mim?’faga’Lwﬂ (Updated database size)
E” | e k- lewiugs vesgiudeyaiiiy
FE | Whaduvi k- Tadiues vesgudeyalnl
FP | Waweduni k - lawien vesgudeyauiudss

EF”  avuierinsdurGiaiu k - lawinenlugndeyaiiu

EF”  lavinfiasnsiluniiaiuy k - laingslugiudeyauiulss

DB ' a < da o a
3, Aafuauaslemiuinfiasan Tuguteyaidy
5 | eaduayuroslowiniiasan Tugudeualn
up ' W o 7N [y
S, Aatfuayuratlamuifinisan lugudagadiulg
C | upudion 1 - lawuen vesgutauauiulye
c wanfion 1 - lowien vosgudoyalml
C” | umdien 1 laiingn sesgiutiaamusulse
s AreuauINAELgIMuA
DB ' v v oo = ' o o o v <
P mmavislsenganenailadiueassnaatuniiniunlomiusnyes
Fuvayaidu
up ' o v o = ' < ¢ o v ]
p Amavinsenganeailadfinwaeznanaituniieiunlomugnves
FutaualiuUn
7 AAadaiu AMvualagily

' ' g odw 4 o ' o o = v &
prob,, | mpnuinasilunipeigananiilowingasznareiuniiniuilowmugg
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3.2.1 msdumisaduiladisen wagloinfiaadrnnduniiafunladualy
gudayaldy -

TnovhlurSinduilaiuenazfinnsananlediuealan dfieatuayumnndie
afuauiusitgléidugiomun widsddymuidsiiauefenstumnladiuenitenadn
azillunSiedusilewiuien (Expected frequent laiviuiem) Faunudiedydnual EF

nmsfumleiuwaiiniainesduniieiuilodiugavesdanesiuiivnausly
Adeil fldaedestmundmaaeutundnassdn T (1) Arenuhasdudesilgaiian
Tlevinsznaneduriniuilowiuen Junuiedadnual prob,, Tnsaiidiuuaszaging
5939 0 - 1 wae (2) manudiodu Swnudedydnual Z Tmﬂmﬁﬁwwuﬂﬂsaq%’mwd’m
0 - 100 %

Tunsdumleiuniinnirssdunsindusilovivien lowiuwaudagsazgn
A nihileodinsaiinasunassilonmaduniinfuilawien (ProbEE,) sy
auns 7 f\mnﬁ"ummﬁasgﬂﬁmmmaauiwﬁmmﬂﬂdﬂﬂ'waq prob,, Vol mnfiAwnndn
lovisnemiuasgniFeniilaimaniinainsduieiuilomuen diur Z awgmiluld
ann senhaniuiealiAnlediuen (prr ) Fednaldanaunsi 9

msnuesdanasfumsaumniefwilowiues uaglemiuinaiasduning
unlensaluguteyaifiunanfenini 3.1

lusouusn (k = 1) levimaniiiarsumniazgninluaunilugwieyatiu (0B)
dieduInmAaTUayu (57°) vetisiazlowiien Ml nheaiuayuildunisuiiey
furaivayutusiigldimua s wnledusaladiiaatvayunnnidatuayudis lo
wWiuazgaiiulilumvssiFiefurilowiuen dnlladiunlliwieduilodfuge sxgminun
fnamlewufinaiasduntieiuilowiuen (£2) dussiad 4-10 Tnaduan fuae
Aanuingiiuiiseuldidalaiuen ( pi,) Fedrunaldainaunisi 9 luussiai 5
ntuTeaiem pr, Al s mamdemniledieaiiiasanavilemaduniaius
lowiuien (ProbEE, ) luussvinfl 6 \

Tuussvind 7 loviulafiiidn ProbEF, 11nninAn prob,, goianduimmen
mavufesiigafimaitleusnaznaaiuwEieiuloiuavesgudeyaifu via p™
Fedrwrman sraduayuvedlowiuiifidn ProbEF, taodian 1nifu Juhdr o uasen

ProbEF, uUisuiiisuiu nglawiuenlag fifiAayuninniiviswinfudn p® qgn

9
v
ldinulilueavedladisiinnainasifuniieiusilodiuen via EFP® dauleiiuiifidn

ProbEF, weeniten p”* qvgndmiialy liianfaduandn
AawAsoud 2 Tuld (k = 2) lavusainduniieiuilomiuen £ wagleiuan
imadnzlutinisiloviuen EFS? axgnmiwndniiunisasy (oin) eass uaudan
&% o o A vw a g 8 o v v g ) as o
k - lowiugn auussvian 13 Wislawaumen k - lawiudgs Seuiesuds Aazdaneasiiuvin
nmsmledugaidunsiniuilaiuen £ waglowinwaiininiiasidunsiaiuilawiy

we EFPE wuidsdusouusn (Ussvind 2-10)
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Algorithm1: Original Mining Phase
Input: DB, |db|, Proby, s, Z
Output: £2, EFP, cP&, p™

k =1

1
2 scan DB for all X&€ C, and obtain 5%

5 £ ={X |87 2 sX|DB}

4 for {X| 87 < sX|DBJ}

5 calculate ptt, %/using equation (9)

6 calculate probability of expected lowiuan X (ProbEFy) //using eq. 7
7 " = min( 52 |ProbEF, 2 Proby)

8 EFP = {X | sX|DB| > 5262 po¢}

9 cb? = {X| XE( PP\ ERPB \J( FPE\) ERPE )}

10 end '

11 k=2

12 while [ 722 U grPP| > 1

13 Cff 7 ( g20 \_ P it \Of g2F )

14 repeat line 2-8

15 K++

16 end while loop

17 Return 7%, EFP2, ¢, p™°

WA 3.1 MINUTIFanasAun sl wilawiuas waylawiuiainin
suluiSinTunlamumesluguteyaiiy

3.2.2 msdumwiiaduilodinen walaiviieadneziuniafunlowfiuwaly
gudayalwivazusuuslidudagiu

Tumsfumngeudiniusivuiisvediesimsiindeyayelmidnlugudeya
nazdmaliiiniuiladiudnimdieuniiuAsusdadly wu Whefuiledimenunas
onvagliliwsinfuileiuerlugiutoyauiuls vie loviueniilbildduEiniuileiuen
foumhilomaznansnduifiefuilomeslusudoyausudgild

Q'm"‘.;{fﬂmaﬁwnﬁﬁmmﬂmiﬁumﬂ;,]m"mﬁuﬁuﬁ’ﬁau'lwmﬁﬁﬁg\imimmuﬁmﬁaga
wanargudeyalni dududanedfiuenyil Fsaziinsuiuugemalivayuiiusinglu
grudeyalniliuindiniuilodusaiiduiimidiount lunsduuuiidansifuenyils
suduseaileiueadnanlvaunilugiudeyaiiu Wosaansiuaaduayuifiuuas
atfumplvi Seamnsouiuugalaviui wilunsdilediuesdildlflunminiuilediueateu
wii1 umduriieduilefiuenlusrudonalmi lunsdidaneifuenyfasfowilaii
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fanamluaunilugrudeyaifuievmativayy mﬂuu%qmmumiﬂwﬂiamauuauﬂw
Wurrdlagdu Luaamnmu“lwm%mam’twmvmmﬂLanmﬂmumammu fatfupraagny
Sunlodiuddunieuilodiueslugiudoyalmidnunn fdu msaunugiutoyaiy
Wemaaivayuliiunsiniuilaviuwslniswauannasilildoaiu Tnewsiniusile
= v & . & A w ] v as Py
winealugrudeyalniionazliaansanametiuniieinilomuealugudeyauiulsle
wae s

Algorithm2: Incremental Mining Phase

1]
Input: DB, db, Proby, s, £ ,EF, P, p™ .2

Qutput: £2, EF® ¢, o

1 k=1

2 Updating 1-latfisiem () // call algorithm 3

3 fork =2

4 while re# S *

5 Generating Candidate lowisan () // call algorithm 4
6 Updating k-lawnsisn () // call algorithm 5

£ kt++

8 end while loop

9 if Temp_scanDB # &

10 Rescanning original database () // call algorithm 6
11 endif

12 clear Temp scanDB

13 Return g7, EFP, CPP, p*°

AN 3.2 IR sPanesAumsAuWS I U lawiuee waslewiunainin
wluriiedunlamugslugudoyalml

N 3.2 Uans MILYssanaiiumMIAumHsiaiwiloiuee wagloiud
anvziunsinfunlowuenlugiudeyalnil Inglunisviuvesdanesinidnlusies
nswwsieiuilewien £2° longefiaaitasidunsiediwilevien EF uauRian 1-
lowiuen C2° wavAmeaninissfiganmaileiuenznaoduniieiunlomusnvea
udeyaiin e p”? vasgrudeyaiiudenou Fanlaandaneiuiuansianini 3.1

TumsruviSiniusilewiuen wazlamuenfinininasdunsiniuileiuanues
] ar v oy L7 oo dy 1 o v i LY
suabminazuivlgslmidutgiuresnuidelaunsawiinmsinuladu 4 dumdn
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3.2.21 msUiulgedratuayuvasnsiaiun 1- ladiuwauazlaiuiiann
1 2y ¥ ' I3
aziluniaiun 1-lawiuien
Tusauwsn deliveyayalmigniiudian Sanesiiuaziuuivlssraivayu
o P a v o < P ' & o W ' a
vailaiuwaidunsiniurlavinwataslawinennaininasdunsiaiuilewiuen lnosy
aunugudeyalmiiemaradvayuvedlowiugn 91nduiauiudgemativayuliudleiu
o A oo - v & o < P ' <, o v« < =
wannmnluniiadud 1- louwauaslomueaiianainazduniiaiun 1- lowiuen Jaey
gafdwualviidu weufen 1 - lowugsvesgiudeyaidunns wnume C2% antiuagyin
msUuUgeRatiuayy Asusiviai 2-6

Algorithm3: Updating 1-itemset
Input: DB, db, Proby, s, ¢, Z

Output: £, EF™,c®, g

1 scan db for all X to obtain s#

2 if Xecps

3 GP= sy )y :

a4 else

5 FUe="5e

6 endif

7 R ={X | 572 sX|UD|} // |UD| = |DB|+|db]

8 for {X | s®< sX|UDJ}

9 calculate ptt, //using eq.9
10 calculate probability of expected lowiuien X (ProbEF,) //using eq.7
11 p® = min( 52|ProbEF, 2 Proby)

12 ERYP? ={X | sX|UD| > s®2 o }

12 c® = {X| XE(FP grP \I(F2 I ER2 ) ) }
14 end

15 Return /%2, er¥? , c® , p%

AT 3.3 MsdiuupaEriu 1- lefuenuaylemuiinainanduy
Waadun 1-lowiuen

nntulamgayndifilaiunissulsmatvayuieviesuas asgnian
wWisuiisuiveativayudusingldimue s mnlamiuealafifidaduayusinnien
alfueanudum lawutuaggnituliluenvesSieiuilowiuen duloviuilildniinfsile
< ° o @ = : I = v ] Upy & o =
Wilen szgmbhinduinmladiuiaaizsdundiniuilowiues (F2) dwsiiai 7 Tae

Buan Anadirnuhanduiivedlifalowuen ( prr ) Fsdnnaldanaunisi 9 T
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vssviadl 9 9ntufahen pr A8 W wamapniilediueaifansanssilona
\uvinduvilewiuen (ProbEF,) luussiail 10

luussiad 11 lewiuladifidn ProbEF, uanndndn prob,, gniiiun
Aunamdmaidiesiigaiimaiilevimenznaaiuiaiuiloiuesvesgudoyaiu
vio p Fsuaman rafuayuvedlewiuiiiien ProbEF, teviign vinfu Sadeh p?°
uazA1 ProbEF, uiouiisuiu Ingleiuenla Afldayuinnnitviemiafue po
swgmirluiiulluenvedlediuiimaiadunbieduilodiue vie EFY dlowiuill
f1 ProbEF, esnind p®° ﬂzgnﬁﬂﬁﬂq"{ﬁﬁwmﬁmﬁwu'zmﬁﬂ Hlodane3funisuiuss
Whetwi 1- loviuee  wazlodiufienadiasduniinind - lewinen diaueadedu
nadwsAldfe Wiatuy 1- lodiuen £ uerlawuiinninsdundiedud 1- lotuen
EF uazuaufiion 1 - latiugn C™ vesgudeyauiiugs Sazgninlulésnefuileiinns
oAl

3.2.2.2 nsausufanlamuen '

nsaauauiiaaloienuasiided agjuuﬁugmwa”ﬂmﬁ%”mLmuamm
Towunuesdanaiiuezniles uidiiunnaeansanesiuesnslesaelaiuwniozun
Wanszuaunisees (join) elilsurdwauiwalowiuen lunsdloynslosasyiinsaee

o=t

sewinarlsieiun k-1 lainmn fu WEedusd k-1 ladiueenieiu wilusanesfiuiiausly
mATeteldleviilumsessiiousaneifiuesniles uditessaui k=2 wihtis iloaainisn
nsumauayuniueuves 1-levhuemnsh uansisussian 1-3 Tunwdl 34 aamiy e
Touaudian 2- leiumssusasua danasiuavmulamuauing 2-lamuaaslmi e
Cr puussvind 3 dethlldlunsmlediuesimsiafveglusnves Temp  scanDB
Tudaneifiudaly lne €7 ndulavimanibilfduaudnuewdinfusilowiuen wazle

& = ' <) o & v a
winfienadaztunEin Tuilewiumuesgiudoyadu

faudsaudt k = 3 Wufuly nsaauauivalaiuenesnuiteianiledinge
fdu Wheduilowinen uadlaiimadnzdunsinduilewinsnvesgrudeyaiin uay
uauAan k-1 lowngnvasgiudeyalml mesaouaaivayudi ffuinndvsewiniuen
aﬁuauu%uﬁwﬁﬁwuw‘%ahj Frussviad 6 mnﬁ@hu’mn‘jflﬁhaﬁ’uaqu%’uﬁw Taammiueg
sggnifuliluwadansn unudedydnwal FX, | muussviad 7 nthiluussini 8 5a
telenesiitemninues FX,_unduflumsess ieasuauiieslofiueniuin
delduauiinnloriuendouiosuds Sanedfiuazimamuauiinalomi
wadlml v3e Cf muussiindl 9 e lldlunmsmlewiueniinrsiaiveglummnuas
Temp _scanDB Tusana3fiudald
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Algorithm4: Generating Candidate itemset

Input: ¢, R®, FP®, EFP® 5 ,|db|

Output: ¢,, ¢~

1 ifk=2

2 Cd = pio* po

3 crr={XE o [XE (F\ ) ppm )}
q elseif k=3

5 X = g2\ Jer\Jcy, '
6 6P =82+ 5"

i Fr, ={X| 6* 25*|db}

8 ct= rx o 9

9 crf JLE A XE 2 N ER )}
10 end if

11 Retugn C& , _c=

AN 3.4 MsasaLAURnAlaLANLYe

3.2.2.3 nsUiulgeAtativayuvasisiaiun k- leviuaanaslafiuiiann
ranlunBiadud k-lavianan 1iie k=2
lumsuiuugeenaivanuvamiiniui k- loingauarlomufianirasiy

WaAWN k-lowiues 1ile k=2 Inszuiumsviinuaiua i 3.5 assiiunisdenasannile
wALARe laWisen mlaandanaiumn 4 delaesuiglvluidadountn

dndusaussaud 2 Wusuly (2) msUudgsAamivayurasmsiaiuile
Winwauazloiuiiniadneuduniiefuilodfienaziann mnhaiedul ko lawiuen
FP uazlovineniienninezdundieiun idodiuen 7 sesgudoyaiu way uaui
waloiuealnl €7 Mnldnndanadiiy ¢ sshnmsaunulugdouadeyalmidiomen
afuayy 5% auussvind 1 Mintuazsmeusuussmatuayuliudlediuemduandn
vl i k- levian F2 uagloinwafienaiasiduGieiun klowiumn EF% vas
sdoyain uilbidusndnvesuaufnaladiuealml ¢/ dussvind 24 niudah
lewnamiildsumsusudssmaduayusuieoudumadeufumaiuayusud e’
winilewinwavesgudeyadiulse £ fwssiait 5 dauleiiuffumdeladaduns
winvlaiuenvesgudoyauiuvls srgnihlumladisiieadiiesduniniusiloduien
vosgrudayausuuss EF Tuussiiad 6-12 fafudumeuiensunismlediuiinininae
DunBieduileimenvesdanedfiui 1
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drulowmgaiiluaindnvewauivalmi ™ azgmilufuinse Al
atdvayuuinmey p” -1 udnhlunegeuivaraduayutuafgldivua win fawinna
: < b = & A w ] w o o o
wnganuitlewiuwatuilonmanvzifunsiaiwilomenvesguteyauivlse Auulamy
wailazgnitulilusuds Temp _scanDB wWindlldlumsannugiudeyaiitdnaimils
W % o < 2 o 1 & - w & v v
wiendild Wi dwileiuwauazlawiufieneizdunbieiuilaiuenesuyndud

Algorithmb5: Updating k-itemset
Input: DB, db, Proby, s, £ ,EF, p™ .2

Output: F®, BeP,cP, o™
1 scan db for all X € (22 U gr22\ U ) to obtain s
if X € (F\UJ ) and X & ¢~
5P =508 L6
endif
AP =X |s* = sX|UD|} // |UD| = |DB|+|db|
for {X'| s < sX|UD|}
calculate ptt, /fusing eq.9
calculate probability of expected lowisian X (ProbEFy) //using eq.
ProbEF, 2 Proby)

O 00~ Ol BRWwN

4= min( 2
L]

10 EF™'= X | sX|UD| > a2 s}

12 end for

13 for X & (rpe\JErP) and X € ¢p

14 Temp_scanDB = (X | (52 +( o> -1)) 2 sX|UDJ}
15 end for

16 Return £, EF®, Temp scanDB

A 3.5 maviuusimatvayuremBinduy k- lamgauazlowmuiininid

NS k-lawiuas 8o k=>2

3.2.23 msdunugiudeyaiug
IIndanesiiud 2 - 5 Fududaneifiuvesnsdumniiniwiloiugauazle
wufina ez luniieiwilevingavesgiutoyausuuys dedaneifiud 5 vieuasadu
3zla Winduiloiugn £ warlaiufimainasduniiniuiloiuen EF vas
Futeayauiuuss NUsuusaseusesluseiunis fimamdanmaminiinduilemiudauazle
& o ] & a v o« ] o v o = & o
wWiniiniadineziuniiaduilemiseaasagaiigannlemugangniivlududs
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Temp _scanDB lowuignfinann LfJulaLﬁmLﬁnmgmiwﬁﬁLﬁﬂﬂ'ﬁu’Luﬁwu"ﬁaga’{ﬁﬂ fimmind
Temassdurdiaiuileiunesvdoloiuiininiezdundiaiuilowiuen

uanaifiudl 6 wansdanmil 3.6 ashiauetussuninitledmeniiegly
fuls Temp _scanDB wnauwnugudeyaiiy iousuugsratuayy Sdumsawnugiude
yawiuiaznsiiisnsuien vdmndanediiudl 2-5 vinuasu k seuduiidoutesudn le
winaeiidumninues Temp _scanDB szgrihlvaunilugiudeyatitemdativayums
ussindl 1 ndudatiuayuazgnuiuds muussied 2 deldmatvayuituiuuuds e
Wiamnsazgninlunaseududativayududnienieiuiloiueslnivesprudoya
U3ui3s mausvind 3 was laiumifivasssgminlunaasufudeanisdasiigaiiainia
leiuenaznaraidurBiefuileiuavesgudoyaifiu vis p” Wewlaiusaiininin
awhufieiuileriuenvasgudayauiuyss aaussyiam 4

Algorithmé: Rescanning original database

Input: DB, db, & #7° , Eriie Jestiey 2

Output: £*, ER®

1 scan DB for all X € Temp _scanDB to obtain s*

2 s =54 5P

S Fre = {X | X € Temp scanDB and s* = s* |UD|}

4 Erper = {X | X € Temp scanDB and s* |UD| > s p"}
5 EB =TEe\J g

6

ERIY =S EF \admBrak

NN 3.6 MIARANFILTBLALANGN

Tuussiin 5 uag 6 adumsinesiatuilowinealmivas laufina ez duns

v o 1 12 o v oo s =l U = = d'

wiwilauwalmivesgideyausuuglvmnndifududsnsiaduilaiueawaylaiun

manzduniieiwilowugminy muaidu senwdsvattinzgninluldenasadielimaiy
Joyagalvaigadaluiiun
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NANISNAAD

isuandiiiuiisuszansamnisvinuessanesiunisiiuvenengauduius
fen1sUTEIALUY Pessimistic  dududaneTiiuiiuiulgasrAvsawnisiheures
Sane3fiunisifinverenganuduiusineldndnaiiurasdu ddrelunisduning
aruduiusuuuiiueens luunilzndnieinguszasdvaanismanes Fnsmaaes uazka
MavAaed TasaneifumMniinvenenganudniusiensUTINMALUY Pessimistic

:

4.1 InQUsTaATaINIMAGDY

ileuandliiiiufassansannishauresdanesiunisiingeiengauduius
FeMIUTTINUAILUY Pessimistic dmiunisifiusggnmsiumagaruduiug Taeiduns
UiuuswsdvEnmdanesiudaneifumaiiuvewngeanuduiuslagldvananuaniy
TushdetiaznamisingUsvasdvesmanaaes Ssssnoude 2 TagUszasdndn feil

1. iievadeunnugndestsnadnsildgarnnisiingiudeyalmitiluly
grudeyatdu sanedfumsifismenenganudiudionsUssanaaiuy Pessimistic uiin
sz usaneiiiianuiteysulssussavs nmuesdaneifiuntsismensnganuduius
Tagldudnennniazdy od1dlsfi meisusesisdaneifudanaifunsiiueong
anuduRusfEMIUszINUAILUY Pessimistic Wag Sans3funsiiiuweiongaadinius
Tngldvdnantuinazndu Suiigrumaieusnaindanaiiu Aprion fiufifeazeanuuy
mivmasslenadeumtgnAawe sadns e Ssuiauiusanasiiu Aprior (Wundn

2. wanaseuyszAnsnmlunipievesdanesinlunsiiugudeyalmiid
Wlugudayaitn mavaaeuvszavsamuessansiiulumiidoi sviumsvaaouiitoda
UszAnsamnisifinvenenisfuninganuduiuslaeinainnatildlunisussuiana
(Execution Time) lagwSsuiisunarilflunisuszananasswinsdanesfiunaiuveneng
AEINUSAENSUTENUAILUY Pessmistic SanaifiunisifiuveisngauduiusTagld
wanAMiagily uazdane3fiu Apriori

4.2 Fn1INAaeg .

msnaassdaneiiuiiefumagaruduiusuuudinuens Wefinsiugudoya
vioyndoyalmiiilulugndeyaidn FaorailiiGieiuilowiundadliannisiumann
gruteyaduinmawisuuadly lumsmasesdmivaddel ssunsmaaeddasniiy
Tnofinillugmdayadndiuu 2 grudeya fisnunstuwadu 3,000 war 5,000 n51y
wgadu mudu ﬁaaﬁﬂaﬁuaqu%uﬁ’l (minimum  support) lusedudiliuandnaiu fe
minsup = 0.005% A1 ProbPL = 0.1 Waza1 confidence interval 15%
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dmiundeyaiiiameaes 1Wugndeyadunsizy (Synthesis Dataset) Fuluayn
Jayadinauslng Agrawal uazaae [1] Fslflaueismaaiisyndayadunseiiielilums
Usziiludszansawvasdanaidiu lavendandnnmsmsadfunldlunisasnayadeya dnsu
msnaadlusnideil yadeyaildfeyadeya 110TAD100K dwiugrudayaldn 10,000
nsuUIRTY wazgiutoyalu 3,000 nyuuadu uag 5,000 NTULTATY

4.3 Nan1Iaaag
ilethdeyaia 2 yeRanantsuiINmaaewnelusunsy MATLAB 7.6 Hans
naaautudsil

nan1snaasensiiiudayadnulu 3,000 suugadu drunismaaauiuan
advayusigadiuiu 0.005% LagnaaeudsyansainvesdansiiulasTouiisuny
dananumsiiuvenenganuduiuslaslivanaiiuuiztu (Probability-Based) dane3iu

FUP uagoanasviy Apriori NANISYIAADILERIRINAITIN 4.1 Waznwh 4.1

AN5197 4.1 wamsLU‘%'HULﬁemL’Ja'1ﬁ11'ﬂumsﬂizmawal,ﬁaﬁmsLﬁu%’amva 3,000 NS ULIATU

Probability-

danasiiu Apriori FUP Sy Pessimistic
Vandild Gundl) 61,452.0120  34951.3102  16,252.6708  14,656.8360
Tuwsiaiunlomiuen 1,105 1 1,105 1,105
nnudiiuwidaninsdulediuem - . 40 115
wnngegavemEiafunlowiugn () » F, Fs Fs Fs
37U TempscanDB - 2 95 31

70,000.00 +
60,000.00 -
50,000.00 -
40,000.00 -
30,000.00 -
20,000.00 ¢ et Buni)

10,000.00 -

0.00

< a = J - v ~ Y
A 4.1 wugiuviaieudisunanlilunsuszinaradeivoyaiiiy 3,000 nsuLsady
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PNATT 4.1 uazami 4.1 wansmamsisuiisunanildlumsUssinanares
SanadfumainvenengauduiusFen1TUTEINMALUY Pessimistic Sane3iunsifiu
yprengauduiusineldnanaiuiiazidu (Probability-Based) dana3iu FUP way
Sana3iiu Apriori axitiildin Weiinisiiiudeyadau 3,000 nsruueedy Whlulugrudoya
W 10,000 nuusady fodaiuayudusi 0.005% definsanienugniesas
arugnaaslunisyssulanalasiTeuiiisududaneifiu Apriori nan1snaasunyin
SaneTiunmsinvenenganuduiusmensUszranaiuuy Pessmistic Wnadnsiignes
Aafidruau WinTwilawiudnihfudunuisininilewiueniivsznanaldaindanadfi
Apridri FUP uaz Probability-Based wanainii iefarsaninaniilélunsuszanana ae
wui Wszeznanlunsusznanatioanindanasyiu Apriori way FUP senadiuladn uwagldy
nanlunisusznanatiosni1dane’iiy Probability-Based dsiiodn Sana3fiunsiiiuvetons
AUFURUTMIENTTUTEUINAIUY Pessimistic @11nsaUFuUeanea3fiu Probability-based
Tenunsaldnailunisussinatosa

A19199 4.2 iamisidieuiigunamiliiunsussinanadialinsiiadeya 5,000 niuwvadu

Probability-

danaviy Apriori FUP Pessimistic
based
L"«]Eﬂ‘l?ﬂ‘?j/ ﬁu']ﬁ) 69,215.6714 42.,219.5093 26,826.7789  24,316.6723
TnunTiatunlediuen 1,097 1,097 1,097 1,097
SunsSwiianainanduladiaes ’ . 50 137
rungeanvasnsiaunlawiten (k) Fa B i) Fy
|

97U TempscanDB - - 85 39

80,000.00

70,000.00 =

60,000.00 -

50,000.00

40,000.00

30,000.00

20,000.00 B nandld Guni)

10,000.00 S

0.00 T 1 1 e
{\0‘\ Q\SQ .2,"2'6 é})(‘
w &L &
& qu'i
hs)
&
(8)
Q\

A 4.2 wugliwiauisuidisunaildlunmsussianadisliveyaiiiy 5,000 nsuuwady
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9INATNT 4.2 uaznmil 4.2 uanamanmsisuiiisunanildlunisussinanaves
Sana3fiumsiinvgnenganuduiusfenisussanuAuuy Pessimistic Sana3fiunisiiiy
varungauduiusianelindnaiiuiisgilu (Probability-Based) dana3#iu FUP uay
Sane3fiu Aprior szl definsuiadayadiuau 5,000 nsuwsadu Whlulugrudeya
WA 10,000 neusadu fedativayutusi 0.005% weinsunieugniases
ArugnaadlunisuszananalagilTeuiisududanaiiiu Apriori nan1snagaunuin
Sanesiumsiiuveiengenuduiudiensussanamuuy Pessmistic THnadnsiignios
fofidnuiu whefwilewudavinfusunuiniuilodiumnivssnanaliandane3i
Apriori  FUP uag Probe;bilitvaased wonand WeResandananiilélumsuszanana 1w
wui Wsreznanlunmsuszananatioanitdanesiin Aprior uay FUP egradiuladn uagld
narlunsUsznanatiosnidanaifiu Probability-Based #afioin Sane3fiumsiiuveneng
AIUFIRUTAI8NTTUTTUIUATMUY Pessimistic a1unsnUFuUss@aneiiu Probability-based
Tanunsaldnailunisyszainalaga

4.4 d3Udnaminnaeg

anmnaasuiudoyadiuiu 2 ya fie 3,000 nsuuaty uaz 5,000 N LRy
WilUlugwdeyaiusuan 10,000 vsnugadu faeaiuayudusa minsup = 0.005% s
Toyaillimpasuifudoyaitldainnsdunsiziteya 14T100100K lunisneaesaziianis
Fananisvaasssandu 2 Useiau Aedsuiduveasaiiugnasdlumsdszinana wazn1sin
UssAvsnmiruaaiildlunssznane aunsaasinanisnaeesi 2 Ussiiuladd

1. AIUANYNADY '[umiwmaaummgnﬁawaaé’ana“'ﬁﬁm"nnﬁmmsﬂg
AUANRUSAIEN1IUTEIINAMUY Pessimistic adelavanuuumvngeuAugndadlng
nsiSsuisuiunadnifildainnisyszananadanesiiy Aptior FIHANITVIAADY WU
Sano3funsifivuensngauduRusaIen1sUsEImAMUY Pessimistic TirnaansTunns
Uszananafigneas tiufie swaurSieiuilawiudeiléannsusananauazuingaan
994 k-itemset WINUSaNa31N Apriori

2. fudszAnBainmunaiililunisuszanana lumsmeasy §3doldmaasy
Usravsnmdunaildlumsvssnans TasmsSeuiiieutv 3 Sane3fiudaneifiunis
nverengauduiudlagldnanauitazidiu (Probability-Based) Sanesiiu FUP uaz
Sane3fiu Apriori faTuayLRIgn 0.005% KaMMAGEa WUt Sane3fiunisifisuene
nHALFURUSAENSUTTINUAIMUY Pessimistic Tdiailunsuszinanatieenitgane3iiy
Apriori uag FUP  ethaufiulddn uaglfinaruszmnanatiosniidaneifiumsiiinvetsny
auduiuslagldarnuinendu fuflofinnsanainsuau TempscanDs fiuldiieauny
gudeyaiiu sziiuldirdanesfiunisiinvengainuduiuddenisussanasuuy
Pessimistic Uszsnanaiianit ilesandunulediuiiesgninluawnilugwieyaiduidun
Yasnidaneifumsiinvenenganudiusiuudinnenelaglivénammninesidu
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AjUuazvalauauue

5.1 d@5UnansIe
msfumnganuduius Wumeliafiddguesnszuiunisiuniiosdoya (Data

Mining) tafumauduiussenindeyalugiudeya wazadaguuvudoyaiiuraulaly
aanuegluguuurangAuduius if X then Y Tnsdindnnisvionumdn 2 duseuldud 1)
<4

v & & da = < o ¢ o1 e w '
nseumlanudniisenimsiaiuilowags FululowngandAeatvayuuinnivse
whiumatuayudwsin (minimum support) Al vun waz 2) mstmGiniuileviudai

|52

p=pe

midandeusninaienganuduiug dingauduiusiviaula adungauduiusid
madesiunnniwiawifusiaudesiudusi (minimum confidence) figldfimun

Tngvialuuda Faneiiudlasumseeuivuaziduidoaluniniunfuming
AuENITUS Aadaneiiu Apriori [3] ﬁﬂmauaima Agrawal ae4lsi Lﬁaﬁm‘nﬁmm%’aua
'wanhﬂumumammu msAumngAETUGHIEIoN 1389 Apriori dxfewhuazinana
foyaamunitaggiudoya fufio msmueudinalowiuwalual uarawnumaiuayuves
LLﬂuﬂLﬂm"LaLmL%“lm'lunnq sou Fuilinaildlunsuszananagnldiaiummduiy
uazliifinuszansnmlunisinau

edefeafananuel Aprior Ssléifiauemsuiulsaingeudmiusidotinng
windoyayalmidhulugiudeyaiu Cheung wozame (4] 16 Lauadaneiin FUP (Fast
UPdate algorithm) @udusaneifiudvsumssumnnemuduiusuuuiiuvens weiinns
vindoyalmiinn Taserdtesdnufidnnnmsludidugudoyaimntisdinsyansam
Tunsdumingaauduiug dude FUP axldnSinduleifiudaitléannisyszananaluy
grudoyaiin wdigandnunuiaudialovindafiazdesgnirluaunilugiudeyaidu fe
FBnsuszanananananTwiali FUP Tdnatlunsuszananaiiasnin Apriori

oendlsfinna Tuisazsou k Wisfinsfuwuurudiaslefimeeibiliduaninves
Wintuiloiudnvesgiudoyadu uaudnaleiudniiug ssgninluaunilugrudeyaidu
Wnsavil k uudain mavnavewSiedulediuealugudayausulseiidwiniu 5 (k=5)
gouvneaai1 FUP azfeniunudinnlewimdaluatnulugudeyaimamusiuauidu 5
58U WWuLfieatu Apriori mafunseil Srununeudealaiudniignuitluaunuves FUP il
$rnutiosnin Aprior Wity

Weanduumsaunuguteyafsiliivdednuseumsaunuitosiignlunuide
nMsdumngauduiusuuuifinveslaseifevanauinandu (3] Ihausmadianig
Usranaranuinasiduvedlaiindaiinaiesduniieduiloduesdmiviulidely
aunugudeyaiduiisniadeluseugavne Sedaneifudindnvhanuldediadissaninm
Whuamefunariisndind FUP uay Apriori athslsfii Tnefiugtunsmanuniasdues
Sanasfiudananlindnnsmanuinazuveiyad dasiidamlumameariniesdulu
nsdifidossmuanaidsavesTuIuaisiifiaunn uAfediddndnmsussnuiniy
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iazifushemaiiisuan vilidanshasduiildlinsatuanudueie dwalimsinngle
WagafimaiazduEiefuileriusailenanainadoulsd

fAde3aldfnuduniuiieusuussdanediiu msfumngauduiusuuuiiuvens
Tagordovanmsmnminaadu Tansaiuneleviueniinaitezidunbiefuiloiues
IFuiugruniu Tasordendnnisusyuimaifienisuanuasnd wazlduuifndiy
Pessimistic Waz Confidence Interval wnldlumsdadulansdoniivlemiumeniianiiee
JunSindunilowiugn

lunsvaasua Hidevaasinaiutayaduninsifie yadeya 110TAD50K dwiy
swloyalfin 10,000 nswweadu wazgruteyalmi 2 ya Ao 3,000 niuusatuuas 5000
NIULTATU ﬁaamaﬁuaquﬂi}dw?ﬂ (minimum support) lusedudilsiuaneaiu fe minsup =
0.005% #1 ProbPL = 0.1 wazA1 confidence interval 15%

wan1snaasuuseantiu 2 Yszidu Aouszinuvasmiugnieslunisyszanana
waznsiaUsgavnmeunaildlumsusznana mansaagUnantsnaasi 2 Ussdiuld
Fiail N |

1. sruanugnaed lunismaaeualugnAssvesdanasiunisiiuveieng
ANUANRUTAIBNSUTZINMATLUY Pessimistic fRTBlAanuUUMIVARUAINNgNABLRY
nsisuiiisufunadnsibaainnisuseuianasanasiiu Aprior Famanisnagey nuin
FanafumadinuensngmanduiusiaonisUszanaauuy Pessimistic Tinadwslunis
Ussananadignde fufe dswaurbieiurilewiudaiildanmsussinanatazaunagean
U9 k-itemset iUSANaI¥IN Apriori

2. nuszavsaiwsuianililumsussanana lunsweaeuiisdslivaasy
Uszaninmaunaildlunisuszanasa Tasnisiiouifisudy 3 Saneifiudaneifiunis
iWnvenengauduiusiagldndnainuinegidu (Probability-Based) dane3fiu FUP uay
Fane3iiu Apriori featuayumEn 0.005% Hamsmaass wui dane3riunisifinuens
AANEITLSAENMIUTEINUAILUY Pessimistic Tdhnanlun1susyananadasnindaneiviy
Apriori wag FUP - aghauiulddn wasldnaszananatiosnitdanesfiunisifiuveneng
ruduiuslagldninaninavdu fuieRatsanaindauay TempscanDB Miiuliifioaunu
grudoyaidu sziuldirdaneiiunmsiiinvensngaruduiusinisussanuauuy
Pessimistic Uszananaiiinin esmndinulewiufiasgmitluaunulugiudeyaimuiisiuou
tunidaneifiunsiinvesngenudiiusuuuiisveslaglindnrnninasdu

5.2 Yaiauauue

TuruAdeatiull lunsdnammmnihendudenriloduneslaausasndu
Wiieduilewiueslugudoyauiuusdld dnduszdomsivinnugudeyalwmifiosgauiiu
Wanegrauiueu ddlumnudusdusilianusansiuldinaeiigudeyalvsignifiudhun
Snuiinsueaty dafulumideadssly Simsasdumitmsiunnmniesiuleg
lidridudeansrvdiusunsiunenduaiosgnifiuidiun
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Probability-Based Incremental Association Rule Discovery
Using the Normal Approximation

Araya Ariya, Worapoj Kreesuradej
Faculty of Information Technology
King Mongkut’s Institute of Technology Ladkrabang, Thailand
araya_aa@hotmail.com, worapoj@it.kmitl.ac.th

Abstract

An incremental association rules mining is one of an
association rule mining research topies which finds the
relation between set of item in dynamic databases. As
data grows up rapidly, the co-occurrence itemset which
discovered in the previous mining may be changed and
the association rule will be change consequently.
Incremental association rule mining research attempis to
maintain that rules. Probability-based algorithm, one of
an incremental algorithm, applied the principle of
Bernoulli trial to predict expected frequent itemsets for
reducing collected border itemsets and a number of times
to rescan the original database. However, the numerical
problem will occur when the algorithm deals with a large
database. To manipulate with this problem, the improved
probability-based incremental association rule discovéry
using normal approximation to estimate the probability of
occurrence of expected frequent itemset is introduced in
thi® paper. In addition, the confidence interval is applied
to ensure that the collecting of expected frequent itemsets
is properly kept.

Keywords: Data Mining, Incremental Association Rule
Discovery, Normal Approximation

1. Introduction

Association rule mining is well known as one of a core
task of data mining in knowledge discovery in databases
process. It was first introduced by Agrawal et al. [1] in a
pilot study of the market basket analysis which found
simultaneous bought itemset. It shows the perspective of
information hidden in large databases in the form of if
antecedent then consequent (X = Y) such as customers
who buy beers they must also buy diapers. The process of
basic rule discovery operation is defined as follows.
Firstly, counting co-occurrence itemsets in entire
databases, secondly, itemsets which is greater than or
equal to minimum support threshold is collected to create
an association rule. Finally, rule which is greater than or
equal to minimum confidence threshold will be a valid
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extracted association rule. From that research, the first
market basket analysis, the problem statement of an
association rule mining is commonly defined as follows.

Let I = {I},L....I;} be a set of literal items. DB is a
database which contains transactions. Each transaction T
15 a set of items where T < L. Given X is an item and X
 I. Each transaction contains X if and only if X = T. Let
X and Y are items where X c I, Y c I and X m Y=, Set
of items, itemsets, is called a frequent itemset or large
iternset if and only if its support count, calculated from a
number of transactions in DB that contain X W'Y, is
greater than or equal to support threshold s%. 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 s% and c¢% are
liberally defined by users.

The number of researchers has studied extensively
about association rule mining research area in many
issucs. Incremental association rule discovery is one of
those issues which maintain rules when new transactions
are appended to an original database. In fact, data has
grown rapidly; thus, when a new set of transactions,
called increment database, arc inserted into the original
database, some rules from the previous mining may be
invalid. This problem has been motivating many
researchers  to propose several rules maintaining
algorithms.

A basic and simple method for solving this problem is
to rescan entire databases with Apriori algorithm [2] to
get new itemsets. However, this method is time-
consuming and inefficiency. By reducing a number of
times to scan databases, several algorithms are proposed
such as Sliding Windows Filtering (SWF) [3], Negative
Border (NBd) [4], probability-based incremental
association rule discovery [5] and so on. This research
also proposes in this direction.

For the probability-based incremental association rule
discovery algorithm, it needs only one time to scan the
whole original database and works by using the principles



of Bernoulli trials to predict the expected frequent
itemsets, i.e.. the infrequent itemset which can possibly be
a frequent itemset. However, numerical difficulty in
computing probabilities occurs when the algorithm deals
with a large database. To manipulate with this problem,
the improved probability-based incremental association
rule discovery using normal approximation to estimate
the probability of occurrence of expected frequent itemset
is introduced in this paper. In addition, a statistical
confidence interval is applied to ensure that the collecting
of expected frequent itemsets is properly kept.

The other parts of this paper are organized as follows.
The literatures of an association rule mining and
incremental association rule mining are reviewed in
section 2. The problem statement of an incremental
association rule mining and the probability-based
incremental association rule discovery algorithm are
detailed in section 3. Probability-based incremental
association rule discovery using the normal
approximation and the experiment are presented in
section 4 and 5 respectively. The summary and
conclusion is described briefly in section 6.

2. Related Work

In 1993, association rule discovery was first proposed
by Agrawal et al. [1] in a pilot study in market basket
analysis which found the relationship between the buying
iterns in a retail transaction database. Next year, Apriori
[2], the most popular algorithm of association rule
mining, was issued. Apriori is normally divided into 2
major steps: finding frequent itemsets (sometimes called
large itemsets) and generating rules. After Apriori was
revealed, there are many researchers propose algorithms
in this field.

In the real world, databases are dynamic. The database
size has been enlarging because the new set of
transactions is continuously inserted into the original
database. When the new increment database, the new set
of transactions, is inserted in to the original database, the
old existing rule may be invalid. It is easy to rerun
Apriori in whole database (consists of original database
and increment database) to get the updated rules if and
only if both databases and a number of item are small. In
fact, the database is big and possibly bigger in over time,
rerunning Apriori is not the suitable way to do because
too much time is consumed. Thus, the incremental
association rule discovery, one of the association rule
discovery issue, is studied extensively to maintain
association rules in dynamic databases.

Fast UPdate algorithm (FUP) [6] was proposed to
maintain association rules in dynamic databases. It works
by using frequent itemsets from previous mining in the
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original database compares with frequent itemsets in the
increment database. For each iteration, a frequent itemset
in the increment database which is not a frequent itemset
in the original database will be rescanned in the original
database and updates its support count. From the FUP
experiment result, even though it can save the
computational time but it still needs to rescan an original
database k times when new frequent k-itemsets are found.
This is the disadvantage of FUP.

Sliding Windows Filtering (SWF) [3] was proposed to
reduce a number of rescanning times of an original
database by dividing both original database and increment
database into several partitions, and processing from the
first partition to the last partition. There are 2 major
procedures: preprocessing procedure and incremental
procedure. Two new ideas are proposed in SWF: all 1-
tiemsets are assumed to frequent itemsets and candidate
k>3 itemsets are obtained from C; * C,, these ideas can
decrease a number of candidate itemsets. This algorithm
is a good work for both deleted and inserted database. In
addition, SWF requires only one time to rescan an
original database.

Negative Border algorithm (NBd) [4] was proposed to
reduce the number of rescanning times of an original
database by collecting both frequent itemsets and border
itemsets (itemset which is not frequent itemsets but its
proper subsets are frequent itemset). This algorithm is
successful for réducing the number of rescanning times
but a large number of border itemsets have to collect.
Thus this Negative Border consumes a large amount of
memory. Moreover, in the worst case, Negative Border
algorithm needs to rescan an original database several
times when new frequent itemsets are discovered in an
updated database.

To solve with the collecting of massive border itemsets
problem, Tsai et al. [7], Hong et al. [8], and
Amornchewin and Kreesuradej [5] presented algorithms
which are not only reduce a number of collecting border
itemsets but also decrease a rescanning time. These
algorithms keep both frequent itemsets and expected
frequent itemsets, ie., itemsets which are able to be
frequent itemset. However, each researcher gives the
quite different method to select expected frequent
itemsets. Tsai et al. determined a new threshold, called
tolerance degree. It collaborates with support threshold to
select expected frequent itemsets. As Hong ct al. assigned
the 2 news thresholds, upper support and lower support
threshold, to select expect fréquent itemsets.
Amornchewin and Kreesuradej applied the probability
theory (the principle of Bernoulli trial) and defined a new
threshold, proby, to predict expected frequent itemsets.
Our proposed algorithm was based on this direction.



As mentioned to the previous study [5], we observed
that the binomial probability has a numerical problem
when factorial is computed with a large value, ie,
factorial of a large value cannot fit to the size of an
integer variable. To solve this problem, the probability of
occurrence of expected frequent itemset estimation using
normal approximation is introduced in section 4.

3. Incremental Association Rule Mining

In this section, an incremental association rule mining
concept is introduced concisely. The problem statement
of an incremental association rule mining is described in
subsection 3.1 and the probability-based incremental
association rule discovery algorithm is reviewed in
subsection 3.2.

3.1 Problem Statement of the Incremental
Association Rule Mining

Generally, dynamic database is categorized databases
into 2 types: an original database and an increment
database. The original databasc is the old databasc which
old transactions are collected. The increment database is
the new database which a new group of transactions are
inserted into the original database. When a new increment
database is merged to the original database, the
association rule from the previous mining may have been
changed. The problem statement for an incremental
association rule discovery is normally defined as follows.

Let DB is an original database which is a collection of
old transactions. db is an-increment database which is a
collection of new transactions. Then, UD is an updated
database which is the database after merging DB and db
together, i.e., UD = DB U db. The number of transactions
in a database is called the size of the database. Thus, the
size of DB, db and UD are |DB|, |db| and [UD| = |DB/+|dbj
respectively. The notation of the incremental association
rule mining problem statement is defined in table 1.

Table 1 The notation the incremental association rule
mining problem statement

notation meaning
DB an original database
db an increment database
up an updated database
J o o frequent k-itemset ot DB, and UD respectively
sre, gue a support count of itemset X in DB and UD

respectively

Basically, the minimum support threshold, s, is
assumed to be a constant number. Before the updating
activity has begun, F°® is a frequent itemsets of DB if and
only if support count of itemset X, 8”®, is greater than or
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equal to sx|DB|, ic., 8°% > sx|DB|. After the updating
activity has ended, FU” is called a frequent itemsets of
UD if and only if §“° 2 sx|DB|.

As mentioned to Tsai et al. [8], when an original
database and increment database are merged, an itemset,
i.e., X, can possibly become to 4 cases:

Case 1 : Xis a frequent itemset in both DB and UD

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

From all cases mentioned above, the first two cases are
casily discovered frequent itemsets in an updated
database since their support count are exactly known.
Accordingly, the updating tasks in these 2 cases are
negligible tasks. In the fourth case, it does not necessarily
keep attention because it does not need to rescan an
original database. The most difficult task of these 4 cases
is the third case because it needs to rescan an original
database fo obtain the support count of itemsets in the
updating tasks. The rescanning an original database is the
really big problem because a lot of /O operations are
required.

3.2 Probability-based Incremental Association
Rule Discovery Algorithm

Probability-based  incremental  association  rule
discovery algorithm [5] was proposed by Amornchewin
and Kreesuradej in 2009. The main idea of this algorithm
is predicting expected frequent itemsets using the
principle of Bernoulli trials. The expected frequent
itemsets are collected during finding the frequent itemsets
of an original database. This predicted expected frequent
itemsets can help the algorithm to reduce the number of
times to rescan the original database when the new set of
transactions is appended to the original database. In this
subsection, the necessary concept of probability-based
algorithm is briefly described.

For probability-based incremental association rule
discovery algorithm, the process of inserting m
transactions into an original database of m transactions
can be considered as (n+m) Bernoulli trials. Each itemset
has its probability of uccurrence in a transaction, denoted
by p. Then the probability of the occurrence of itemset in
(n+m) transactions, denoted by P(X), can be found by the
following equation:

'
— ln : m]_p,. (1= py*==s

where p is the probability of an itemset appearing in a
transaction, m is a number of new transactions, and n is a

(1)



number of transactions of an original database.

Thus, if £ is a minimum support count after inserting
new transactions into an original database, the probability
of an itemset to be a frequent itemset in an updated
database can be obtained as the following equation:

P(x 2 k), =1—Plx<k),,

itent

can be found as the

item

According to eq.l, P(x>k)

following equations:
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Here, an expected frequent itemset is an itemset that is
not a frequent itemset but has its probability to be a
frequent itemset greater than Prob,. Prob, is a constant
threshold specified by users. Prob, indicates the
minimum confidence level that a promising frequent
itemset will be a frequent itemset after inserting new
transaction into an original database. The higher Prob,; is
set, the lesser expected frequent itemsets are kept. As
results, the algorithm may need more a number of
rescanning times in the original database when the
algorithm performs the discovering new frequent itemset
task.

Probability-based association  rule
discovery algorithm assumes that the statistics of old
fransactions obtained from previous mining can be
utilized for approximating that of new transactions.
Therefore, the algorithm uses support count of itemsets
obtained from mining the original database to
approximate the probability of itemsets when new
transactions are inserted into the original database. Thus,
the probability of occurrence itemset in (3), i.e., p, can be
approximate as the following equation:

c(itemset, DB)
P s

where c(itemset, DB) is the support count of the itemsets
obtained from the original database.

However, in practice, the probability of itemset to be a
frequent itemset in an updated database, P(x>k),.,, which

obtained from binomial probability as eq. 3 suffer from a
numerical problem when factorial is computed with a
large value, i.e., the factorial of a large value cannot fit to
the size of an integer variable.

For any positive integers of n, the factorial of n, i.e. n!,
is the product of all integers from 1 to n. Thus, the value
of n! increases swiftly with a large value of n. For a data
type in a computer language, a long integer data type,
which occupies 64 bits, has 2%-1 range of value. This
range can only store 20! However, the binomial
probability as eq. 3 usually involves in computing the
factorial of n that greater than 20! Therefore, the long
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integer type does not have enough memory to store the
factorial result. Such that preblem, some probabilities of
itemsets cannot be computed directly as eq. 3. In the
previous work, these probabilities of itemsets are
approximated by a linear extrapolation in order to avoid
the problem. This gives some error of probability values.
To deal with this problem, probability-based
incremental association rule discovery using the normal
approximation is presented in the next section.

4. Probability-based Incremental Association
Rule Discovery Using Normal Approximation

As Amomchewin and Kreesuradej work [5], the
process of inserting m transactions into an original
database of n transactions can be considered as (n-+m)
Bernoulli trials. Then, the probability of the occurrence of
itemset in (n+m) transactions, denoted by P(X), can also
be obtained by cq. 3. Unlike the previous work, the
probability of occurrence of itemset, i.e. PCX), is
calculated by using normal approximation theory in this
work.

4.1 Normal Approximation to the Binomial

According to Bernoulli trial, it is a random experiment
that one of two outcomes is occurred: success and failure.
Let p is a probability of success and ¢ = /- p is a
probability of failure. The probability mass function
(p.m.f.) of X can be written as
¥ » x=0( failure)
AP * x=1(success) &)

Generally, Bernoulli trial is considered as the special
case of binomial distribution because Binomial
experiment is an experiment that consists of several

repeated independent Bernoulli trials [10].

Definitionl: [9]“Let X is the number of observed
success in n Bernoulli trials, then the possible values of X
are 0,1,2,....n.If x successes occur, where x =0,1,2,...,n,
then n-x failures occurs The number of ways of selecting
x positions for the x success in the n trials is”

X
Definition2: [9] "Since the trials are independent and
the probabilities of success and failure on each trial are,

respectively, p and q=1-p, the probability of each of these
ways is p*(1- p)"™*. Thus, f{x), the p.m.f of X, is the sum of

nl (6)

= xi(n—x)!

probabilities of the ("} mutually exclusive events; that is,

X

f(x)=("Jp’(1—p)”"‘ . x=0,12,..n Q)
X



These probabilities are called binomial probabilities
and the random variable X is said to have a binomial
distribution.”

The cumulative probability P(X<k) is calculated by

=
P(X <k)= Z(”]p*a - (8)
=0\,
Thus, P(X>k) can be calculated by
k=N i
P(Xzk)=1- Z(ZJp‘u ~ 9)

According to probability-based algorith}n, an expected
frequent itemset is predicted by applying eq. 9. In
practice, the binomial probability has a numerical
problem when factorial is computed with a large », i.e., a
factorial value of a large n cannot fit to the size of an
integer variable.

Definition3:[11] “When n, a number of trials, is large
and p, ‘he probability of success, is not too far from .
Figure 1 shows the histograms of binomial distribution
with p=1/2 and n = 2,5,10 and 25, and it can be seen that
with increasing n these distribution approach the
symmetrical bell-shaped patiern of a normal curve”

CEE

Al

ERE mxl§

!
;}_‘%—’—l
Figure 1. Binomial distribution with p=Y2andn=2, 5,
10 and 25

When # is large enough, the normal distribution with
u=np and o= Jnp(1— p) can be used to approximate to the
binomial distribution, when np>3 and n(/-p) =5 [l1].
However, a continuity correction must be applied when
the binomial distribution, which is a discrete distribution,
is approximated by the normal distribution.

Here, given u=np , a:m and X be a number of
success, the area under the curve to the left of x is defined
as

1 e’i{%] 5 (10)

Px<hy=|
oyir

By using the continuity correction, the number of

successes, i.e. k, is decreased by 0.5. Accordingly, the

probability success & times can be derived as the
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following equation

s _HJ"FD

FXz2k)=1- ——e " dx il

(X2k) EIJJ;e n

Therefore, ¢q. 11 can be derived to the following
equation

k05
ProbEF, =P(X zk)=1- }
s a2

(12)

where z=np , o=y/np(1-p), n is a number of transaction

of updated database and p is the probability of occurrence
itemsets. For the proposed algorithm, eq. 12 is used to
calculate the probability of an expected itemset instead of
2q. 3.

Since the estimation of the probability of an expected
itemsct based on eq. 12 is the point estimation, the actual
probability of an expected itemset may vary from the
estimation of the probability of an expected itemset.
Therefore, the proposed algorithm also introduces a
probability tolerance threshold to deal with the difference
between the estimated probability and the actual
probability. Probability tolerance threshold ensures that an
expected frequent itemset is tolerably kept. Probability
tolerance threshold is based on a statistical confidence
interval.

Typically, the confidence interval of the probability of
an occurrence of an itemset, i.e., p. can be defined as
following:

pll-p)

T TF AN - o (13)

According to eq. 13, there are two threshold values: an
upper threshold and a lower threshold. To ensures that an
expected frequent itemset is tolerably kept, Probability
Tolerance Threshold of an itemset (ptry) is defined as

pl-p)
n

pity =p+Z

il

(14)

Here, pit, in eq. 14 is used in eq. 12 instead of p. Then. an
itemset is an expected frequent itemset if its probability of
an itemset is equal to or greater than prob,. These
expected frequent itemsets are kept in order to reduce the
number of times to rescan an original database. The
proposed algorithm is presented in the next section.

4.2 Probability-based Incremental Association
Rule Discovery Algorithm Using the Normal
Approximation

The proposed algorithm, called Probability-Based
Incremental Association Rule Discovery Algorithm Using
The Normal Approximation, is based on the probability-
based incremental association rule discovery algorithm.
There are 2 main phases: original mining and incremental



mining phase. The notation used in this 2 main phases is
defined in table 2.

Table 2 The notation of probability-based incremental
association rule discov s mati
algorithm

notation meaning

frequent k-itemset of DB, db and UD
respectively
expected frequent k-itemset of DB and UD

db o
Fe, ke, FU

EI‘-"DH s EF-:,-’D

respectively
§P2_ s# sz asupport count of itemset X in DB, db and
A UD respectively
chr g Candidate [-itemset of DB and UD
5 a minimum support threshold
P p support count of minimum probability of
itemset in DB and UD respectively
¥4 confidence interval
Proby, probability value threshold defined by user

Algorithm!: Original Mining Phase®
Input: DB, idb|, Proby;, 5, Z

Output: F&Dﬂ : EFLL‘B R Cfuﬂ 4 pua
1 k=1
2 sean DB for all Xe& Cyand obtain 67

3 FP® =X 18" > sxiDB}}

4 for {X | 678 < sx|DB|}

5 calculate ptt, ffusing equation (14)

6 calculate probability of expected itemset X (ProbEFy)
Jtusing equation (12)

7 " =min( 82 PrabEF, = Prob,)

8 EFP = {X|sx|DB|> 6% >p%* }

9 CP =X 90"< p2%)

10 end

11 k=2

12 whilej 7 W EF " > 1

13 Ce=( F2 w EFPRYMFOPGEFDE
14 repeat line 2-8

15 b+

16  end while loop

1-', Return FA”H N .EFAD” L Cv[{?ﬁ‘ s p!}ﬂ

Figure 2. Original Mining Phase Algorithm

For the first iteration (k = 1) of original database phase
as shown in figure 2, itemsets are scanned to an original
database and obtained their support count. Then, frequent
itemsets are found as line 3. The remaining infrequent
itemset are computed to obtain two values: the probability
tolerance threshold of an itemset (p#1y) and the probability
of an expected itemset (ProbEFy) as line 5 and 6,
respectively. After that, the support count of the minimum

of ProbEFy, ie., p”, is obtained from line 7. This
" indicates the possible minimum support count of
expected frequent itemset. Next, an infrequent itemsets

which its support count is less than s*|DB| and greater
than or equal to p™is collected to the set of expected
frequent itemset as line 8. In addition, candidate 1-
itemsets are obtained from line 9.

apriori_gen concept is used to generate candidate k-
itemsets. Unlike apriori_gen, the candidate k-itemset of
the proposed algorithm is generated by (£ U EF2)*
(F2 U EFPY) as line 13. After the candidate k-itemnsets
are obtained, the other steps is performed as the first
itdration as line 14 and Cy.- does not collect. These steps
of k22 iteration are operated until candidate k-itemset
cannot generate. When the original mining phase is
ended, all outputs of this phase are F™, EF™, ¢, p™ as

line 17. These out puts are used in the next phase.

Algorithm2: Incremental Mining Phase
Input; DB, db, Probu,s, £,°7 ,EFP, ¢, p™ 2
Ouiput; F2, EFR, CH2, o™

Ny

2 scan db and updating suppoert count to obtain &,

3 FEP =X {85 2 s«<{UDJ}

4 for [X | 67" <sxiUD}}

5 calculate pit, /lusing equation (14)

6 caleulate probability of expected itemset X (ProbEFy)

fhasing equation (12)

2 £ =min( 87° |ProbEF, = Proby)

8 EFP = {X|sxUD|> 672 p'"}

9 C-{L'!“ - {Xl 5‘:}[’{ pUH }

10 end

11 fork=2

12 while Fﬂf N

13 Generating Candidate itemset () /f call algorithm 3

14 repeat ling 2-8

15 for Xe €™ {/ C" is obiained from line 12
16 Temp_scanDB = {X [ (3% +( p™ -1) = sx{UDi}
17 end

18 k++

19  end while loop

20 end

21 if Temp_scanDB # &
22 Rescanning Original Database to obtain new £ and EF/"

23 endif
24 clear Temp scanDB

25 Return FP, EFSP,CHP, p™*

Figure 3. Incremental Mining Phase Algorithm

The incremental mining phase, there are 2 main tasks in
this phase: k=1 iteration and £2 2 iteration.

For the iteration of £=/, an increment database, db, is
scanned and updated the support count of itemsets as
shown in line 2. Then frequent l-itemsets of updated



database, F?, are found as line 3. For itemsets which are
not become F'®, they are calculated the Probability
tolerance threshold of an itemset (p#ty) and the probability
of an expected itemset (ProbEFy) as eq.14 and eq.12.
After p"is calculated as line 7, an expected frequent
itemset (£FY”) and candidate l-itemset (C/”) of an
updated database is obtained as line 8 and 9, respectively.

For the iteration of k = 2, in generally, this task is
performed as the first iteration. However, in this iteration,
there are 2 added steps: generating candidate itemset and
rescanning original ¥ database in line 13 and 22,
respectively.

The generating candidate itemset is detailed in figure 4.
Generating candidate 2-itemset and candidate k=2 itemset
is different. For candidate 2-itemset, it is generated by
EP = as line 2, while candidate k22 itemset is
generated by F® *F”%as line 8 when £ is obtained
from itemset which its support count is greater than or
equal to s*|db]. To ensure that no candidate itemsets aret
lost, itemset which is a member of ( # w£r") is also
brought to consider as line 5 and 6. In addition, the new
candidate k-itemset (C;*) is obtained from line 3 and 9.

This ¢ are itemsets which their support count is ouly

known in db but not in DB. These new candidate itemsets
are reused in line 15 of figure 3 to extract Temp_scanDB.

Algorithm3: Generating Candidate Itemset
put: C°, FY°, FP%  EF™ s Jdbl

Output: Cf"' g G

1 ifk=2

2 C:db - FLUD * Flu.'p

3 Ci™={Xe CR e (B 5y EF "N
4 elseif k>3

5 x=F2UEFSN &R,

6 E:,'D - J:)B % 5:!{-

7 F& ={X] 57 25%|dbl}

8 = EACRY

9 Clo={Xe CP |Xe (FFP L EF M
10 end if

11 Retum C&, ¢/

Figure 4. Generating Candidate [temset

The new candidate itemsets ( ¢j*) will be collected to
Temp_scanDB if and only if the support count of
ciplus (p" -I), where p™ obtained from the original
mining phase, is greater than or equal to s*|UD|. This
process is shown in line 16 of figure 3 for pruning ¢

which impossibly be a frequent itemset or an expected
frequent itemset of the updated database.

For the final step of an incremental mining phase,
Temp_scanDB is rescanned to an original database to
update support count and find new frequent itemset and
expected frequent itemset of an updated database as
shown in line 21-23 of figure 3. Both new frequent
itemset and new expected frequent itemset are merged to
the set of frequent itemset and expected frequent itemset
which are found before. This guarantees that there is no
remaining frequent itemset and expected frequent itemset
to found absolutely.

5. Experiments

The objective of the proposed algorithm in this paper
is to solve the numerical problem occurs with binomial
distribution. Moreover, the confidence interval is
introduced to increase the probability value of an itemset
to be a frequent itemset in an updated database. The
hypothesis is the proposed algorithm can reduce the
number of Temp_scanDB itemsets which is rescanned to
the original database.

To evaluate the efficiency of our algorithm,
probability-based incremental association rule discovery
using the normal approximation, this algorithm is
implemented and tested on a PC with 2.93 GHz Intel
Core i7, and the main memory is 3 GB. The experiment is
tested with a synthetic dataset which are generated by
synthetic technique proposed by Agrawal [1]. The
synthetic dataset is TI1014D100K with the original
database of 10,000 transactions. A number of transactions
of increment database appended to an original database
are 3,000 and 5,000 respectively.

The experiment is conducted with 0.005% minimum
support threshold and Prob, = 0.3. The average of
execution time compared with Apriori, FUP and
probability-based algorithm are demonstrated in table 3
and 4 respectively.

Table 3. Average of Execution time for adding 3,000
transactions

Prob-based
o using
Algorithm Apriori FUP Pmlb ability Normal
based S
Approximati

on

Execution lime 61,452.012 34,951.310 16,252.670 14,656.836
(sec) 0 2 8 0

a number of

3 1,105 1,103 1,103 1,105
frequent itemset
a number of
collected expected - - 40 13
frequent itemsets
maximum
frequent itemset Fs Fs Fs Fs
(size of k)
a number of _ _ 95 31

Temp_scanDB
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Table 4. Average of Exccution time for adding 5,000
transactions

Prob-based
e using
Algorithm Apriori Fup ng a.b,'my Normal
ased T
Approximati
on
Execution time 69.213.671 42,219.509 26,826.778 24,316.672
(sec} 4 3 g 3
s 1,097 1,097 1,097 1,097
requent itemset
a number of
collected expected - - 50 137
frequent itemsets ®
maximum
frequent itemset Fy Fy Fy Fy
(size of k)
a number of -
Temp_scanDB B 85 s

The experiment results from table 3 and 4 display that
the execution time of the proposed algorithm, the
probability-based using the normal approximation
algorithm, is concisely better than Apriori and FUP
algorithm because Apriori needs to rerun a whole
database (the merging between the original database and
increment database) and FUP needs k-times (as size of k)
to rescan the original database. While the proposed
algorithm needs only one time to rescan the original
database.

For comparing between the proposed algorithm and
probability-based algorithm, the execution time of the
proposed algorithm is slightly better than probability-base
algorithm. A number of collected expected frequent
itemset the proposed algorithm is greater than the
probability-based algorithm. This affects to the number of
Temp_scanDB, that is the number of Temp scanDB of
the proposed algorithm is less the than probability-based
algorithm. These experiment results demonstrate that our
hypothesis is accepted, i.e., the proposed algorithm can
decrease the number of Temp scanDB. As a result, the
proposed algorithm can reduce a time-consuming of
rescanning the original database.

6. Conclusion

In this paper, we propose the incremental association
rule algorithm, probability-based incremental association
rule discovery using the normal approximation algorithm,
which estimates the probability of occurrence of expected
frequent itemset using normal approximation. The
proposed algorithm can deal with the numerical problem
occurred when large n factorial is computed by binomial
distribution. [n addition, we introduce the increasing
probability value of an itemset to be a frequent itemset in
an updated database using confidence interval. The
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experiment results show the slightly better execution time
when compare with the probability-based algorithm and
the decreasing of a number of Temp_scanDB. However,
we encounter with trade off a number of Temp scanDB
against a number of collected expected frequent itemset.

However, the common limitation of the proposed
algorithm and probability-based algorithm is the fixed
size of the increment database. That is, both algorithms
need to know the exact number of the increment database
size for computing the probability value of the co-
occurrence itemset in the updated database. Practically,
the increment database may be continually added to the
original database with various sizes. Thus, the future
research is looking for the approach to deal with the fixed
increment database size problem.
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