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ABSTRACT

This thesis proposes the Probability-Based incremental association rule discovery
Algorithm to develop an algorithm for discovering association rules from dynamic database. In
dynamic databases, new transactions are appended as time advances. This may introduce new
association rules and some existing association rules would become invalid. Thus, the
maintenance of association rules for dynamic databases is an important problem. In this thesis,
probability-based incremental association rule discovery algorithm is proposed to deal with this
problem. The proposed algorithm uses the principle of Bernoulli theorem to predict and keep
expected frequent itemsets. This can reduce a number of times to scan an original database. The
simulation results show that the proposed algorithm can discover all frequent k-itemset correctly
with better performance than that of the previous incremental association rule algorithms such as

FUP, Border and Pre-Large algorithms.
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Algorithml : Main Algorithm for original database
Input : DB, DB, probpp

output : FZP, EFPP, pPB

L. k=i

2. if k=1then

3. Scan DB and find count ¢(X,DB) for all X € 1- itemset
4. Calculate Probability for all X

5. pPB = min(c(X, DB)prob y > probpy-)

6. FPB - {x| ¢(X,DB) > aDB]

7. EFPB - {x| c(X,DB) > pDB]

8. k=k+1

9. else

10. Jor (k =2; FkD_B} # @ k+ +)do

11 C,?B = apriori_gen(FkIZIf v EFkIZ‘!},o'DB)

12, Scan DB and find count c(X,DB) for all X € C ’?B
13. Calculate Probability for all X

14. pDB = min(c(X, DBl proby 2 probpr)

15, P8 - x |ccxpB) 2 oPB |

16. EFPB - L{ | ¢(X,DB) > pDB]

17. k=k+1

18. end do

19. end if
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Algorithm1 : Main Algorithm

Input : DB, db, k, cUF ,pUP [ pDPB CPB FPB EFPEand their count
Output : F tUP , EF, kUP
k=1
if k=1 then

Update 1—itemset

k=k+1
else

Jor (k =2; Fk{’; #=¢; k++)do

Generate Candidate Itemset

Update k —itemset (return m, Temp _ scanDB)

bl IO

/I 'm is the max imum itemset of Temp _scanDB
k=k+1

11.  end do

12. endif

13. k=2

14. while (Temp _scanDBI, # ¢ and (k<m) do

15; Scan Original Database(Temp _ scanDB, )

16. k=k+1

17. end do

18. clear Temp _scanDB
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Algorithm 2 : Updating 1-itemsets
Input : DB, db, oUP 5 pUJD O P‘B, F,DB, EF,DB,C jﬂ’ and their count

Qutput : F}JP " EF,U"J ,C?P and their count
1. Scandb and find count c¢(X,db) for all X e C}DB v Cfb
2. forall X € C,DB v Cj’b do
3. ¢(X,UP) = c(X, DB) + c(X, db)
Calculate Probability for all X
pUP = min(c(X, UPI proby 2 probgy:)
end do
FYP = {x e CVP| c(x,UP) > oUP}

N v oA

S0

EF{P = {X e CYP| pUP < c(X,UP) < cUP}
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Algorithm 3: Generating Candidate k- itemsets
Input: F",FLFRk

Output : C;™

1. if k=2then

2 if (lengrh(F,U’ ) > 2)then

. Y= T

4 for all X e Cy® do

5. o ={x e c2|x e (2 U EFP))
6 end do

7 end if

8. elseif k> 2 then

9 Cfb = 'F.‘td:bl * EP—:?I

10. for all X € C* do

1. e ={ X eC®| X € K and X ¢ (5™ U EF™))
12.. end do

13. endif

1 3.8 danesiudmivaduaudian k-Tomuza

Algorithm 4 : Update (k = 2) itemset
Input: DB, db,cUP ,pUP § pDB,FkDB A EI'}DBandIheircoum

Quiput: Ffp and EFEP ; Ffb, Temp _scanDBand their count, m
1. Scandb and find count c(X,db) and c(Y ,db)

2. \\Xe (RPBUERPB)ndY e o

3. forall X e (FJ‘,:DB VERPBU Cf"“’) do

4. if xe(FPPUERPE)and X € CP then

5. ¢ (X,UP)=c (X,DB)+c(X,db)

6. elseif X e(FPPUERPPnd X ¢ CJe then

7. ¢ (X,UP)=c(X,DB)

8. elseif X ¢(FPPUERPB)and X & CJe* then

9. Temp_scanDB ={X | (c (X,db)+ (DDB - I))?. oUF}

10 end if

11. Calculate Probabiliy for all X

12, pUP = min(d XUP)proby > probgy-)
13.. enddo

14. B = {X[ ¢ (x,uP)= V" |

15. ER” =[X| PUPSc(X,UP)coUP]

5N 3.9 danesiudmiulivlie (= 2) lTemuan
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Algorithm 5 : Scanning an original database

UP,pUP,FkUP‘EFkUP

Input : Temp _scanDB;,,c and their count

Output : FkU P ,EFE P and their count

1. Scan DB and obtain count (X, DB) for all Temp _scanDB,

2. for all X e Temp _scanDBy, do

3 e(X,UP)= c(X, DB)+ c(X,db)

4. end do

5 = {X| X e Temp _scanDB;, and ¢(X,UP)> c"F }

6. EFy™ = L\'l X eTemp _scanDB;, and p*" < o(x,UP)< cYF }
7. FYP = VP O e

8

EFPP = EFYP U EFPY
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37 | 2 25 42 50 97 Soad

38 4 11 32 50 93 0.01 '

39 | 4 12 42 50 94 0.03
40 | 4 21 32 50 96 0.07
a1 | 4 21 42 49 95 0.07
22 | 4 23 42 47 94 0.02
43 | 4 23 49 50 98 0
44 | 4 42 a4 50 93 0.02
45 | 11 23 32 49 95 0.1
46 | 11 23 32 50 94 0.03
47 | 1 25 32 95 0.02
48 | 12 23 42 50 96 0.08
49 | 23 25 42 49 94 0
50 | 2 4 11 42 50 98 0
51 | 2 4 1 21 23 96 0.06
52 | 2 4 21 42 50 97 0.17
53 | 2 4 21 23 50 94 0.03
54 | 2 4 21 23 25 93 0.01
55 | 4 11 21 25 32 94 0
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T-Test
Paired Samples Test
Paired Differences
95% Confidence
Interval of the
Std. Std. Error Difference Sig.
Mean | Deviation Mean Lower | Upper t df (2-tailed)
Pair 1 theory -result | 02382 11143 01503 |-.00631 | .05394 1.585 54 119
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HaNINAaIYAUDYa 3.1 : T1014i200N100

min_sup = 1%

Apriori

& rur

Border

=] Prelarge

B Prob(EF)=0.01
[ Prob(EF)=0.03
B Prob(EF)=0.05

Execution time (sec)

20% 50% 100%
Incremental size
(% of original database)
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min_sup =5%

&l Apriori
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B Prob(EF)=0.01
[ Prob(EF)=0.03
B Prob(EF)=0.05

Execution time (sec)

"] = B

100% 100%
Incremental size

(% of original database)

20%

I ° o A A A '
314 4.17 uamanamsnlFouifvunansimsdmivyadeyait 3. uilomudeyalmidae

wadeya 20%, 50% uaz 100% Awmmivayuiesiigane 5%

94



95

d' o a a8 @ a8 a a = o L4
31N 4.10 UAAIIAINIZINVEIBANDTNNAMTUTANDINUOLNG 103, 1BWYN, Vosines

= o - v o A a a
uaz wimennlFlunsdummsiiuvnengaiuduiusidelinsmudeya

Tmidavgadoya 3.1
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20% | 175,294
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50% | 207,850 | 19,135 | 114,304 27,489 11,785 11,917 | 11,504
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v ~ X
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min_sup = 1%
I Apriori
§ & rur
g Border
'g 8 Prelarge
'§ B Prob(EF)=0.01
X : : O] Prob(EF)=0.03
= B prob(EF)=0.05
20% 50% 100%
Incremental size
( % of original database)
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12 | 50% | 21,167 | 3,112| 7,543 | 3,006| 2902| 2811 2,861
1.3 | 50% 1,786 385 819 343 329 330 329
1.1 | 100% | 31,626 | 5,104 | 14311 5784 | 4921 | 4916 | 4,954
12 [ 100% | 28430 | 5893 | 15198 | 5930| 5744 | 5623| 5659
1.3 | 100% 2,378 686 1,557 648 634 634 632
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A A o )

MmN v.4 nalumsnaassgadoyait 1 Ammivayuilooiqa 5%

¥ P

narlumsnaassgadeyanl Guin) madvayuiosga 5%

PR | YUIA Prob_Based

{0 | doya Apriori FUP Border | Prelarge Proby,

Ll 0.01 0.03 0.05
1.1 | 20% 107,88 1,620 2,249 1,090 756 761 903
1.2 | 20% 11,673 1,273 2,593 1,099 932 938 936
1.3 | 20% 785 146 199 94 88 86 86
1.1 | 50% 13,929 3,584 6,687 2,174 1,894 1,999 2,001

1.2 | 50% 14,559 2,525 6,269 2,391 2,241 2,233 2,235

1.3 | 50% 986 254 495 213 194 194 194
1.1 | 100% 18,631 4,805 11,850 4,260 3,782 3,842 3,899
1.2 | 100% 19,506 4,827 13,008 4,658 4,535 4,527 4,560
1.3 | 100% 1,311 433 970 384 373 373 373

o - = =1 a ] v ]
padnin laninmsinsizdanulslsmunuieumsuuainuiald 3 daulnajq
o o i & T i
Taviinnunuouaaalua13190 1.5, 113199 0.6 1azA15190 1.7 Fauaasmanailonuved

E ] ¥ ¥
ﬂﬂﬂﬂ?ﬁﬂﬁ\?ﬂ Hﬂﬁﬁ'lll MATOUANVUANANVDINURDY Tﬂﬂﬂ‘izﬂ'ﬂnf?{'}tjﬂ'lﬂﬂ mﬁmﬁu

o
Unov

¢

Joyailsnglumsait .5 ms1efi 1.6 waz M3t v.7 Wudminaadunioves
suavluuaazngu ﬁJ:wuhﬁm%‘wmé’aﬂa?ﬁuﬁm's"mﬁ"wuuwmsﬁumngmmﬁuﬁuﬁ
Taol¥ndnaanningiduiisunisvesnarlumsfuninganuduiuidesiigauay
danoifiuezni TesiimaAundoveana lumsfuminganuduiusnniiga dmumsiei
V.8, U.9 (AT V.10 Lﬂuﬁauﬁuﬂmﬁwﬁﬁwaﬂ?mmuﬁm%’unﬂﬁauﬂnuﬁgmﬁa H, lazH,
Fnandhedu mamsnameusziinsanamiauuuiioglugivesiada Chi-square niom
amninziulumseenivauudsiu Asymp. Sigmﬂﬂaﬁﬂﬂﬂg“lumsnﬁ v.11 Failuwa
ms‘nﬂﬁa'uf?mﬁ’uﬁmﬂvﬂquﬁﬂuﬁqﬂﬁ 1%, 3% A% 5% WU Asymp. Sig. HAUNIAD .00

A ' ' ldl. o \ ar Qs z a
Fafoundm oL NmuaniIn .05 Aniudalfias H,

r
= u

vy a 1y ) as da a " ow
ﬂiﬂﬂaﬂﬂﬂ'aﬂ‘ﬂ'ﬂﬂﬂﬂ'lﬂﬂﬂﬂ 292N INUNUNAUNABUANANIINUNIEZAD

Hodnw .05
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M3 .5 MInaaeuLUUTiBumsINAIgadeyai dmiummivayuiooiiqa 1%

Descriptive Statistics

pana3nu N Mean Std. Deviation | Minimum | Maximum
Apriori 9 1.8997E5 1.53786E5| 5778.45 4.32E5
FUP 9 2.9228E4| 27974.72460 602.69| 81460.75
Border 9 4.1914E4| 44706.86280 694.84 1.29E5
Prelarge 9 5.2406E4|  54022.35767 742.45 1.38E5
Prob_Based(Prob, = 0.01) 9 2.0448E4|  23072.00103 419.36| 69992.47
Prob_Based(Prob,; = 0.03) 9 1.9428E4  21601.39774 416.98| 65601.96
Prob_Based(Proby, = 0.05) 9 1.9584E4|  21867.45546 415.66| 66295.56

M99 1.6 MINATBULD DT BUMITUNASngAToYaR 1 dmsummivayuisoian 3%

Descriptive Statistics

8ane3nu N Mean | Std. Deviation | Minimum | Maximum

Apriori 9 1.6302E4| 11717.87381|  1357.84| 31626.55
FUP 9 23982E3|  2043.69967|  196.58|  5893.91
Border 9 5.8840E3|  5634.35776|  288.25| 15198.58
Prelarge 9 27080E3|  2236.87942|  159.88|  5930.05
Prob_Based(Prob,, = 0.01) 9 2.1745E3|  2020.49131 139.69|  5744.38
Prob_Based(Prob,, = 0.03) 9 2.1694E3|  1986.63515|  143.39|  5623.12
Prob_Based(Prob,, = 0.05) 9 2.1822E3|  2006.28041 140.38|  5659.59

" = a § @ 1 a .
M3190 1.7 MInadeuLuuTioumsuNaIngadeyain1 dmiummivayuieoiiga 5%

Descriptive Statistics

daneinu N Mean Std. Deviation | Minimum | Maximum
Apriori 9 1.0242E4 7463.66495 785.75| 19506.61
FUP 9 2.1634E3 1871.58930 146.08)  4827.53
Border 9 4.9248E3 4852.79874 199.31| 13008.11
Prelarge 9 1.8187E3 1700.65108 94.11 4658.52
Prob_Based(Prob,; = 0.01) 9 1.6442E3 1611.76689 88.33| 4535.31
Prob_Based(Proby; = 0.03) 9 1.6619E3 1621.64097 86.93|  4527.45
Prob_Based(Proby, = 0.05) 9 1.6879E3 1629.46875 86.93|  4560.50




MmN v.8 minaaeuniauuudmivgadoyai 1 Aemmivayuioviqa 1%

Friedman Test : Ranks

DANDINY Mean Rank
Apriori 7.00
FUP 4.11
Border 533
Prelarge 5.56
Prob_Based(Proby, = 0.01) 2.78
Prob_Based(Prob,, = 0.03) 1.67
Prob_Based(Prob,, = 0.05) 1.56

M1 4.9 nMsnageursauuudmiugadoyai 1 Aemmivayuriooiiqe 3%

Friedman Test : Ranks

90NNy Mean Rank
Apriori 7.00
FUP 4.56
Border 6.00
Prelarge 4.44
Prob_Based(Prob, = 0.01) 1.89
Prob_Based(Prob,, = 0.03) 2.00

Prob_Based(Prob,. = 0.05)

2.11

M9 v.10 MsnadeurTaunudmiugadeyahn 1 Aemmivayuiooiiqa 5%

Friedman Test : Ranks

9ane3I Ny Mean Rank
Apriori 7.00
FUP 5.00
Border 6.00
Prelarge 4.00
Prob_Based(Probg, = 0.01) 1.78
Prob_Based(Probg; = 0.03) 1.83
Prob_Based(Prob,, = 0.05) 2.39
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M5190 v.11 Minadeunuanadmsudmsugadoyain 1 AMETUAYY 1%, 3% Uaz 5%

Test Statistics’
N 9 9 9
Chi-Square 50.381 49.238 50.886
df 6 6 6
Asymp. Sig. .000 .000 .000
a. Friedman Test

NNANITNATOUANT IV AN ALVDIDANDI NUUANAINNY TN INATDY
uuuiug 1au3 Wilcoxon Sign Rank test iive Iinswidaneiiinlauandrsiu Taslums
nagevzim s oufsuanuuana1sveaaIn ldnnmsdunivesdanes nudms vy

3y o W Y ] = v W Y- a a a
ywmsfumngauduiug lavldudnanuinziluioniudaneiuezniTe3, ievlyh,

o o a o A ° Vo ' P - s
vesiApsaznI a1 ae Taosmuaniainnuszdun lomueznarouuiunsinaun
lomuiwa (Prob,,) $1UI1 3 AIAB Proby, A0 0.01, 0.03, 0.05 LBININARBINMIAHVAYY

H A = " 1 o ] =y o Y
Vouiiaa x% ¥4 x BAwni 1,3 uay 5 Tasdmuaauuaglumsnadevdsiine
1. wSvwfivudanesnueznilesuazoanainudimsSumuveonisAum
@ o o Y o [
AU Tasldndnaninziiu
H,: naunavh ldninmmaassyadeyai 1immivayuiooiige x% veq
s - = = o a Y a @ o o
gane3inuezns lesuazdanesnudmSumuvnMsAUMINGANNTUNUS
Tavldudananueziuliuanaieny
43 bAoA y
H,: nawndoi ldvinmmasesgadoyai 1nmaivayuiosnga x% ¥4
[ = = [ P @ a @ o o
ganosnuezns laJuardanesiudmiumuveonsauningauduius
Tavldwananueztuuanaianu
2. ulSowheudansIiuergiivazdansiiudmSumiuveienisaunl
ngauduus laoldmdnaduninailu
A A ) A A o ¥
H,: nawnash ldninmsnaassyadeyai 1nmmivayuiosnga x% voq
6’ana'§'ﬁmﬂﬂgﬁuazﬁ'ﬁﬂa?ﬁnﬁms"mﬁmwwm'iﬁ'umngﬂ11nf‘i’uﬁuf
Taoldnananutiziluliusnaaiu
a 4 3 a4 A " |
H,: naundoi ldeinmsnanssgadeyan 1nmmiveyiesnga x% voa
é”aﬂﬂ?ﬁmaﬂgﬁuazé’ana?ﬁnﬁm%’mﬁmmwmiﬁumﬂgmmf'i'm't"uﬁ'

Taoldwanamninzilutanaiaiu
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=) r= ar = &4 o 4 [ Y- | ar cq'
3. wWisuimeudaneinuvesiaesuazdaneinudmSuNNYeIwNITAUNING
o @ o 9 o 1
anuduius laoldvdnanuuesiiu
a Ay Y] A a0 o ¥ A
H,: naunden ldvinnsmanesgadeyahn 1nmmivayuioonga x% ve9
dane3iuueiineiiazdanasiudmiumuvnonsAumIngauT LT
Tavldudnauineziihi luanaredu
A Adwy ) a A0 o Y A
H, : naunden laninnmisnanssgadoyan 1nmaivmyuiosiga x% ¥4
[ - - ar Y ar a o o d
danesnuedgiiuazdanesiud M umuvnIemMsAunINgAUFURUS
Tavldudnanumheziuuanaiaiu

-1 - o a - 4 [ a )
4. uivwiivudaneinuniatduazdansinudmivmuvsionmsduning

@ @ o 9 o '
anuduius laoldnananuueziiy

v ¥
= =4

H; naundoildvinmsmanssyadeyai 1hmmivayuisoiiga x% voq
o = 4 o =y ar a o  a L4
daneinuniarnuadanesiudmivmuvnonisuninganuduius
Taoldnananurozdluluuanaieiu
A Ay Y [ a A ™ Yy A
H, : naundoh laninnmisnanssgadoyan 1nmmivayuioonga x% ve3
daneinuniatvnuazdanesnudmiumuvnomsfunIngaNuFTUT
TavlFuananuheziuuanaiaiu
d' = 1 q‘ 1 [ = 2 o ar
NANTNN V.12 -9.15 WumsnageunlSouisuaunavsenidanes nudmsy
a g @  w 9 o ] = @ ar o -4 = = S
myvnemsaumnganuduius lavldndnnnuinzihufisusudanesiuosns Tes, WY,
L4 o = o o (L [ a8
esesLaznsa19n laosmuamannunziiun lemueznatsunilunimoun lomusa
(Prob,,) $719U 3 A1 B Prob,, A0 0.01, 0.03, 0.05 NAMIVAYUTBENEA 1%WVIIA1 Asymp. Sig.
:; - é L 1 [ -:i o 3 A s eg = -
1INM5NN 1.12- .15 A0 008 FalAieundA1 o0 N mua’ld Ae 05 Asiudnlfias H, uay

UONTUH,

" v P ¢
agUwamsnaaeuldiinaundeszninedanesnuezniles evlyii,uesines

< LY a ° v a (Y7 s
HaEWIAAUANAIIINBane I UG T UINVIENM sAUMIngaNuTIius el nan
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A9 V.12 LAAIAINATIUANULANANSENI190aNs NUoz NS 1o5iaysansSnudmsy
a 3 @ W 9 o ' 3 -
Wvnemsaunngaduiug lasldvanaininzilugadoyadi 1

(Proby=0.01, 0.03, 0.05) N ivayuiesiiqa 1%

Test Statistics’
Prob_Based (Proby,) - Apriori
Prob,, = 0.01 Prob,, = 0.03 Prob,.= 0.05
z -2.666" -2.666' -2.666"
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test

M319N .13 HAAIRIMATOUATINIANA I ZH B aneT NueHyRuazfanoTiudmsy

a a o o o ' 9 =
uveensAumngauduius lasldndnaninaiiu gadoyai 1

' ar L Py

(Probg,= 0.01, 0.03, 0.05) AUy UTDUNA 1%

Test Statistics
Prob_Based (Prob,,) - FUP
Prob, = 0.01 Prob,.= 0.03 Probg, = 0.05
Z -2.666° -2.666" -2.666"
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test

1 ¥ 1 @ = '3 ar r
M50 V.14 LAAIANATDUANNLIANAINTZHI MO AN NIV IAD LA anesnud iy
Wveemstuingauduiug laoldndnaamningygadoyad 1

(Probg,= 0.01, 0.03, 0.05) Meiuayuioonga 1%

Test Statisticsb

Prob_Based (Prob,;) - Border

Prob,; = 0.01 Prob,.= 0.03 Probg.= 0.05
7 -2.666" -2.666" -2.666"
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test
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A15199 V.15 HAAIANATDUAMVUANAIITEH IS AN NUNT nLazdanes nud ISy

Y a

oM sAunIngauFuius laslsvanainninaiiu gadoyad

(']

(Proby,= 0.01, 0.03, 0.05 ) Aaivayutioofiga 1%

Test Statisticsb

Prob_Based (Prob,,) - Prelarge
Prob,, = 0.01 Prob,.= 0.03 Prob,, = 0.05
z -2.666" -2.666" -2.666'
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test

msaRTEHAMuAdadmiugadoyai 1 inaassdrsamaivayuiooiga 3%
uay 5%  NuswAvnunmaiuayulosiiga 1% 9110a15199 .11 Wudwanndoues
8aN03 NULANAIINY A ININIINMATBVIUUTVE 1ABIT Wilcoxon Sign Rank test tNa 1Hns11)
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MIAumIveIsanenudmumuvnIsmIdunInganuduius laoldndnanuineiiu
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Mounudanainuesnslo3, oy, vesmosuazwinnnmmivayuiloonga 3% uazs%
aaaasluasian v.16 — v.23 wudmainldennisnlSoufivunaundoszninedansing

= = = o o =l o o Y] o a [ o o o
923 193, oWy, UB5IABS, Wi 19NAUSANBTNUE M VINVVIIBNTAUNINGANNTURUS
Tavldmananuinailuimmivayuiooiiqa 3% uag 5% Wu1A1 Asymp. Sig. 110AI1

] v Ed
1 9.16- v.23 Andoondiar o Nimua 1 Aie .05 Aaiudalfias H, uazoeusy H,

v J 4 ar a8 - = =
ajduanisnaaeuldin naunduszninidaneInueznile3, tevlgw,

d o a ° ar a v e
Vo3 1ABI AT NI A1AANAII0INEANe I NN KT UINN VBN SAUNINGANNTUWUS

Taglynanadnunheziduna Prob,,=0.01, 0.03 naz 0.05 Nemivayuiesngn 3%

o W

Az 5% eenaipd ARy .05
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A1519N V.16 LAAIAINATOUANULANANIENIDANDINUDZNS losuazdanas nud iy
A 9 @ o Y o ' EY -
mnvesmsfumnganuduius Iavldmanamnivzidugadeyan 1

(Probg,= 0.01, 0.03, 0.05 ) fimenivenyuiioviian 3%

Test Statistics’
Prob_Based (Proby;) - Apriori
Proby, = 0.01 Prob,, = 0.03 Prob,. = 0.05
Z -2.666' -2.666" -2.666'
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test

M1319 .17 LAAIMNAADUANNIANANT I anes ey danesiudmsy
- ) @ w & Y w ' ¥ o
MinveemIfumngaNudTLT laoldmanaininzilu gadeyai 1

(Probg= 0.01, 0.03, 0.05 ) Amaiuayuiesiga 3%

Test Statistics"

Prob_Based (Proby;) - FUP
Prob,, = 0.01 Probg, = 0.03 Prob,. = 0.05
A -2.666" -2.666' -2.666'
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test

" ' 1 ' [ =) 4 Y = [
m:mﬁ v.18 l.lﬁﬂ\ﬂﬂ'l'ﬂﬂﬁﬂUﬂ'JTUllﬂﬂﬂ'l\ﬁ%ﬁﬂTl\‘lﬂﬁﬂﬂ5ﬁ'ﬂ1]ﬂi{mﬂillazﬂﬁﬂﬂiﬁﬂﬁ'lﬂiu

H
=

iyvemsfumnganuduius laeldmdnanuminggadoyai 1

(Prob,,= 0.01, 0.03, 0.05) imaivayuiiesiga 3%

Test Statistics’
Prob_Based (Prob,,) - Border
Prob, = 0.01 Prob,, = 0.03 Prob,, = 0.05
7 -2.666" -2.666 -2.666"
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test
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H v ' ' o = o W a s
A1919N .19 LAAIAINATOUANVUANAIITENTNOANDI NUNT etz danesnudmsy
A o o o ) [ ¥ 9 .:{
uveemsdumngaudniug laoldudnanuminaiu gadeyai 1

(Proby,= 0.01, 0.03, 0.05) NIy UDUNTA 3%

Test Statistics"

Prob_Based (Proby;) - Prelarge

Prob,, = 0.01 Prob,, = 0.03 Prob,, = 0.05
Z -2.666" -2.666" -2.666"
Asymp. Sig. (2-tailed) 008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test

M319N ¥.20 LARIAIMATOUAMIUUANAIITENINOANDINUDLNS 103 1aLdanos nud My
a 3/ @ o ) o 1 9 a'
Wivvmomsfumnganuduius lasldmananminaiuyadoyaii 1

(Proby,= 0.01, 0.03, 0.05) Ameiuayuiosnga 5%

Test Statistics’
Prob_Based (Proby,) - Apriori
Prob,. = 0.01 Probg,. = 0.03 Probg, = 0.05
z -2.666 -2.666' -2.666'
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test

M50 ¥.21 LARIAIMATELANNIANANIEN IO aneI NueWy Rz danes nudmiy
Wuvemstumnganuanius laoldndnanminailu gadeyah 1

(Proby,= 0.01, 0.03, 0.05 ) imaivayuiosnga 5%

Test Statisﬁcsb

Prob_Based (Probg,) - FUP
Prob,, = 0.01 Prob,,. = 0.03 Prob,. = 0.05
z -2.666' -2.666" -2.666'
Asym .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test
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15197 1.2 LA INATBUAMUIANANTLHINBaNBs LB Wesuazdana T nud My
a @ o o ar ] H
yvnemsAumngauduiut Iaelivananuminsgadoyai 1

(Prob,,= 0.01, 0.03, 0.05) Meeiuayuriosiga 5%

Test Statistics’
Prob_Based (Prob,;) - Border
Prob,; = 0.01 Probg,.= 0.03 Prob,. = 0.05
Z -2.666' -2.666' -2.666'
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test

o o
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(Prob,= 0.01, 0.03, 0.05) Amaniueayuiiesiign 5%

Test Statisticsb

Prob_Based (Proby;) - Prelarge
Prob,. = 0.01 Prob,.= 0.03 Probg, = 0.05
Z -2.666' -2.666" -2.666"
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test
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Y A

1. auudag i lunsnaassnmaiuayuiesnga 1% dMsugamMnansn 3

H: wanndoh laanmsnaassgadeyan 1nmmivayudesiiqe 1% an
uAnzdanes v luunna1ai
a4 Ay y ¥ a A @ Y
H: naundoildninmisnaassgadeyai 1nmmivayudesiiqe 1% 9n

UAAZ O AN NULANAINY

2. auuagmlumsnaassammivayuiosiga 3% dmsuganisnanosh 3

a4 dny Y A A o ¥ A
H; nawndoi ldeinmsnaassgadeyai 1nmaivayuioonga 3% 110
uanzdanoIny luuanaenu
Al "W B 5 d
H,: naundehlavinnmsnaassgadeyahn 1nmeaivayuiiosiga 3% 10

HADZOANDINUUANANNU

3. avuagmlumsnaassnamivayuiosnga 5% dmsuganIsnaaesi 3

naundoi lhnmsnaaosgadeyan 1Amaivayuiesiiqa 5% 1n

H,:
4 o = R ] " o
uanzoanes i luuanmeny
H,: naundsildavinmsmaassyadeyahn 1hmmivayuiosiga 5% 1n

HARLDANDSNULANAIINY
Ya a P 'ﬂ v
NMINAADUILIFITNITNAABVUDINT ALY U U UAIUVSI0UYDINITNATDVUDY
. c; Yo Y V Aa v o do 3/ A o ' v

Wilcoxon N l9fiudeya 2 nquinianuduiusny deyamimmageuszusnmumaivayu
¥ A ™ = £ v Y A o A v P
desigadmsugan1snaasn 1 ¥3ilsznovalegadeyaminimaaeu 3 ga Avgaveyan
3.1, 3.2 AL 3.3 ALEAI TUAI519N V.24 — 1.26

v
I

3199 v.24 a1 lumsnaassgadeyai 3 Nmmivayuiooiga 1%

v
= v o

) ~ a o ¥ A
L'Ji’l'l'luﬂ'liﬂﬂﬁﬂ\‘l‘ljﬂ‘ﬂﬂl;!ﬁﬂ 3 (AUIN) nadUUaHUUINgR 1%

in Prob_Based
v VYUIA
doya ) Prob,,
Yya | Apriori | FUP Border Prelarge 0.01 0.03 0.05

3.1 20% 177,210 16,390 41,340 27,830 8,364 8,517 8,657

3.2 20% 175,294 12,281 41,834 20,056 6,545 6,595 6,341

33 20% 183,748 | 24,173 46,498 34,727 | 18,175 | 20,919 | 20,853

3.1 50% 218,009 | 22,676 | 122,566 36,222 14,891 14,935 14,849

32 50% 234,722 | 32,409 | 125,878 52,771 | 30,392 | 31,878 | 32,019

3.3 50% 207,850 19,135 | 114,304 27,489 11,785 11,917 11,504

ad 100% | 293,290 | 22,489 | 213,906 30,236 17,176 17,289 16,611

32 | 100% | 308,530 | 33,941 | 252,870 | 51,634 | 26,409 | 26417 | 26245

33 100% | 321,362 | 53,249 | 258,738 82,237 | 49,303 | 50,304 | 49,460
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) a a a0 o Yy A
l’mﬂuﬂﬁﬂﬂﬁm‘ljﬂ‘wy‘ﬁﬂ 3 (3um) ﬂﬂ'lﬁuuﬂuuuﬂU“fIﬂ 3%

gA | VUIR Prob_Based

‘lTE)Hﬁ gﬁ'ﬂu"a Apriori | FUP Border | Prelarge Prob,,

0.01 0.03 0.05

3.1 20% 19,107 1,922 | 3,957 1,827 1,274 1,095 1,095

3.2 20% 18,027 | 1,603 | 3,988 1,431 1,071 1,171 1,165
33 20% 18,054 | 4,669 | 3,854 2,292 1,606 1,771 1,771
3.1 50% 24,909 | 2,546 | 9,993 3,592 2,906 2,849 2,849
3.2 50% 22,922 | 3,044 | 8,538 2,843 2,628 2,718 2,695
33 50% 21,159 | 8,598 | 10,009 4,270 3,934 4,094 4,126
3.1 100% | 24,350 | 4,885 | 15,004 4,870 4,699 4,763 4,709
32 100% | 33,300 | 6,057 | 17,179 6,338 5,653 5,527 5,527
3.3 100% | 25,904 | 15,179 | 17,958 7,719 7,692 7,780 7,689

m31an v.26 nanluminaassgadeya 3 imaivayulesiiqe 5%

¥ A a a A o ¥ a
nﬂ‘liu’ﬂ‘liﬂﬂaﬂ\‘l%ﬂmﬂuﬁﬂ 3 (']‘NTYI) ﬂﬂWﬁu’JﬁHuuﬂUﬂQﬂ 5%

YUIA Prob Based
%1 S ya Apriori | FUP Border | Prelarge ProbEF
Y018 0.01 0.03 0.05
3.1 20% 10,692 | 1,125 3,096 1,074 771 776 776
3.2 20% 10,496 | 1,025 2,389 896 704 705 702
33 20% 10,983 | 1,224 3,398 1,143 914 986 994

3.1 50% 13,640 | 2,179 7,581 2,100 1,852 1,866 1,866
3.2 50% 13,893 | 2,564 8,075 2,416 2,285 2,366 2,340
33 50% 12,818 | 1,964 5,198 1,875 1,667 1,667 1,662
3.1 100% 13,025 | 2,896 8,852 2,906 2,675 2,674 2,664
3.2 | 100% 17,810 | 3,908 9,955 3,789 3,627 3,652 3,652
3.3 100% 18,664 | 4,796 | 15,368 4,714 4,573 4,631 4,579

[ et Y = s =1 = 1 9 ] ]
Haans N ldanmsdmizranuulsdsmmuutioumsuuasnuiald 3 daulnge
H A Ll - -4 ar -y
Taoiianunuionaaalun13 199 ¥.27, ¥.28 1oy ¥.29 FIMAAIAIAOAILDIAUYDIOANDINY
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137

Foyanitlsng luasned v.30, v.31 uay v.32 Wudmiuaassuniovesdudyluud
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AZNGUITNUNAURALVDIOANDI NIUd M T VNNV IWMTAUNINGAIINTUWUT Inoldndn
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anuhziihuiismasvesna lumsfumnganudniuiieshqanazdanaiiiuosns To3
fimaumasveanarlumsdumnganuduiusiniiga dmfumsiei v.33 Wudiuiuaas
madavesnTauuudmTunadeuauuAgufe H uazH, aenandiedu wanisnadousy
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wnsanaSauuuiieglugilvesmada lnauniindemanuinaiulumseenivauuigiu

H H A o ar Ll o i

Asymp. Sig. nranlsng lumsei 433 Fuiluwamnaseudmiumaivayuiesiiga
H ¥ 1 = 1 ar é Al L] ﬂ' o Ll o
1%, 3% Uag 5% WUIA1 Asymp. Sig. HAWMNY .00 Faround1A1 OL NMHUAMIADY .05

¥
o

- I
AuiuINlias H,

oA 1y v Al A a T
ﬂ‘ii’ﬂﬂﬂﬂﬁﬁﬂ'ﬂua] WOHIIUDY 2 DANDINUNUNAUNAVUANAIINUNIZAY

Hod Ay .05

! < a = o s P
M3519N 1.27 Minadeunuuiioumsuuasnyadeyan 3 dmsumaivayuioonga 1%

Descriptive Statistics

Algorithm N Mean Std. Minimum | Maximum
Apriori 9 1.5528E4 | 3787.45689 | 10818.84 | 21111.78
FUP 9 3.7652E3 | 2638.31337 | 1155.45 9487.26
Border 9 9.5535E3 | 5967.35443 | 2896.12 18463.92
Prelarge 9 5.6617E3 | 5569.18837 | 1143.86 18678.02
Prob_Based(Prob,, = 0.01) 9 2.7259E3 | 1679.48857 | 903.06 4924.59
Prob_Based(Prob,, = 0.03) 9 3.0239E3 | 1910.08950 | 986.69 6354.40
Prob_Based(Prob,; = 0.05) 9 2.0833E3 | 1617.87213 | 456.11 4811.59
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Descriptive Statistics

Algorithm N Mean Std. Minimum | Maximum
Apriori 9 2.3082E4| 4843.45333| 18027.52| 33300.88
FUP 9 5.3899E3| 4290.88292 1603.50] 15179.70
Border 9 1.0054E4| 5617.49285 3854.56| 17958.14
Prelarge 9 3.9096E3| 2115.37560 1431.27 7719.95
Prob_Based(Prob,; = 0.01) 9 3.4964E3| 2219.00519 1071.75 7692.88
Prob_Based(Prob,; = 0.03) 9 3.5302E3| 2224.75094 1095.26 7780.19
Prob_Based(Prob, = 0.05) 9 3.5145E3| 2202.38621 1095.26 7689.69

4 =1 = { o [ 1 a i
M3519N ¥.29 MsnadeunuuTioumsINAInadeyan 3 dmsummivayuieoiiqa 5%

Descriptive Statistics

Algorithm N Mean Std. Minimu | Maximum
Apriori 9 1.3558E4| 2943.53217(10496.92| 18664.28
FUP 9 2.4094E3| 1295.43233| 1025.45| 4796.48
Border 7.1018E3| 4127.92038| 2389.72| 15368.50
Prelarge 2.3241E3| 1296.84733| 896.02 4714.59

Prob_Based(Prob,, = 0.01) 2.1193E3| 1331.48040( 704.29]  4573.89

Prob_Based(Prob,, = 0.03) 2.1476E3| 1340.54141| 705.67 4631.28

O |©e |v |[Wv |©v

Prob_Based(Prob, = 0.05) 2.1377E3| 1327.28842( 702.94 4579.22

.:; a @ g/ = [ " Y by =
M15191 1.30 MIinagauNIaunudmiugadeyan 3 Aemmivayuisenga 1%

Friedman Test : Ranks
Algorithm Mean Rank
Apriori 7.00
FUP 3.33
Border 5.89
Prelarge 5.11
Prob_Based(Proby, = 0.015 1.44
Prob_Based(Proby, = 0.03) 2.67
Prob_Based(Prob; = 0.05) 2.56




maaf 4.31 menadeurSauuudmiugadeyad 3 Memmivapnieoiaa 3%

Friedman Test : Ranks

Algorithm Mean Rank
Apriori 7.00
FUP 4.56
Border 5.89
Prelarge 4.11
Prob_Based(Proby, = 0.01) 1.89
Prob_Based(Proby; = 0.03) 2.50
Prob_Based(Proby, = 0.05) 2.00

1 - e 4 ' L5 §
Mai v.32 minaaeursauuudmivgadeyan 3 Aemmivayuiiesiiga 5%

Friedman Test : Ranks

Algorithm Mean Rank
Apriori 7.00
FUP 4.89
Border 6.00
Prelarge 4.11
Prob_Based(Prob,, = 0.01) 1.56
Prob_Based(Prob,; = 0.03) 2.50
Prob_Based(Proby, = 0.05) 1.94

139

m31af ¥.33 Mmanadeunadadmivdmivyadeyan 3 Semmivapniooiaa 1%,3%,

Lay 5%
Test Statistics’
N 9 9 9
Chi-Square 51.905 45.353 50.934
df 6 6 6
Asymp. Sig. .000 .000 .000

a. Friedman Test
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(Probg,= 0.01, 0.03, 0.05 ) NAeiveayuieuiqa 1%

Test Statistics’
Prob_Based (Prob,,;) - Apriori
Proby, = 0.01 Proby, = 0.03 Prob,, = 0.05
Z -2.666° -2.666 -2.666"
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test
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(Proby,= 0.01, 0.03, 0.05 ) iaivayuiiesiga 1%

Test Statisticsh

Prob_Based (Proby;) - FUP

Prob,, = 0.01 Prob,.= 0.03 Prob,; = 0.05
a -2.666" -2.666" -2.666"
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test
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(Proby,= 0.01, 0.03, 0.05) "Mm1aiuayuTouNgA 1%

Test Statistics”
Prob_Based (Prob,;) - Border
Proby; = 0.01 Prob,, = 0.03 Prob,, = 0.05
Z -2.666" -2.666" -2.666"
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test
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(Proby,= 0.01, 0.03, 0.05 ) icanivayuriosnga 1%

Test Statistics
Prob_Based (Proby,) - Prelarge
Prob,, = 0.01 Prob,.= 0.03 Prob,, = 0.05
b -2.666" -2.666" -2.666"
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test
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(Prob,,= 0.01, 0.03, 0.05) Ammivayuiesiga 3%

Test Statistics’
Prob_Based (Proby,) - Apriori
Prob,; = 0.01 Prob,.= 0.03 Prob,.= 0.05
Z -2.666" -2.666° -2.666'
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test
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(Prob,,= 0.01, 0.03, 0.05) Aisenivayuiioviiga 3%

Test Statistics
Prob_Based (Prob,,) - FUP
Probg; = 0.01 Prob, = 0.03 Prob,. = 0.05
z -2.429° -2.429° -2.429"
Asymp. Sig. (2-tailed) 015 015 .015

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test
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Test Statistics’
Prob_Based (Prob,;) - Border
Prob,,. = 0.01 Prob_.= 0.03 Prob,, = 0.05
4 -2.666 -2.666" -2.666"
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test
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Test Statisticsb

Prob_Based (Prob,;) - Prelarge
Prob, = 0.01 Prob.= 0.03 Prob,.= 0.05
Z -2.666' -2.666° -2.666'
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test

M3 V.42 LAAIAINATOUANVUANAIITLY 190N NUDENS ToSuazdanasnudmiy
a ¥ @ @ " Y ' 3 ™ |
ivnemsAumnganudniug laoldmanaininilugadeyai 3
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Test Statistics”
Prob_Based (Prob,;) - Apriori
Prob,, = 0.01 Prob,,. = 0.03 Prob,. = 0.05
z -2.666 -2.666" -2.666"
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test
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(Proby,= 0.01, 0.03, 0.05 ) AmeEiuayuiosNga 5%

Test Statistics’
Prob_Based (Prob,;) - FUP
Prob,, = 0.01 Probg, = 0.03 Prob,, = 0.05
Z -2.666' -2.666' -2.666'
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test
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(Prob,,= 0.01, 0.03, 0.05 ) Ammivayuiiesiign 5%

Test Statisticsh

Prob_Based (Prob,;) - Border

Prob,, = 0.01 Prob,.= 0.03 Prob,.= 0.05
Z -2.666" -2.666" -2.666°
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test
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(Proby,= 0.01, 0.03, 0.05) ieaniuayuiosiga 5%

Test Statistics’
Prob_Based (Prob,;) - Prelarge
Prob,, = 0.01 Proby, = 0.03 Proby, = 0.05
z -2.666 -2.666° -2.666'
Asymp. Sig. (2-tailed) .008 .008 .008

a. Based on positive ranks.

b. Wilcoxon Signed Ranks Test
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Incremental Association Rule Mining Using
Promising Frequent Itemset Algorithm
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Abstract— Association rule discovery is an important area of
data mining. In dynamic databases, new transactions are
appended as time advances. This may introduce new association
rules and some existing association rules would become invalid.
Thus, the maintenance of association rules for dynamic databases
is an important problem. In this paper, promising frequent
itemset algorithm, which is an incremental algorithm, is proposed
to deal with this problem. The proposed algorithm uses
maximum support count of l-itemsets obtained from previous
mining to estimate infrequent itemsets, called promising itemsets,
of an original database that will capable of being frequent
itemsets when new transactions are inserted into the original
database. Thus, the algorithm can reduce a number of times to
scan the original database. As a result, the algorithm has
execution time faster than that of previous methods. This paper
also conducts simulation experiments to show the performance of
the proposed algorithm. The simulation results show that the

proposed algorithm has a good performance.

Keywords—association rule, maintain association rule,

incremental associatin rule

I. INTRODUCTION

Data mining is one of the processes of Knowledge
Discovery in Database (KDD) that is used for extracting
information or pattern from large database. One major
application area of data mining is association rule mining [1]
that discovers hidden knowledge in database. The association
rule mining problem is to find out all the rules in the form of X
=>Y, where X and Y I are sets of items, called itemsets. The
association rule discovery algorithm is usually decomposed
into 2 major steps. The first step is find out all large itemsets
that have support value exceed a minimum support threshold
and the second steps is find out all the association rules that
have value exceed a minimum confidence threshold.

However, a database is dynamic when new transactions are
inserted into the database. This may introduce new association

1-4244-0983-7/07/$25.00 ©2007 IEEE

Worapoj Kreesuradej
Faculty of Information Technology
King Mongkut’s Institute of Technology Ladkrabang
Bangkok, 10520 Thailand
worapoj@it.kmitl.ac.th

rules and some existing association rules would become
invalid. As a brute force approach, apriori may be reapplied to
mining the whole dynamic database when the database has
been changed. However, this approach is very costly even if
small amount of new transactions is inserted into a database.
Thus, the association rule mining for a dynamic database is an
important problem. Several research works [7, 8, 9, 10, 11]
have proposed several incremental algorithms to deal with this
problem. Review of related works will be introduced in section
2.

In this paper, a new incremental algorithm, called
promising frequent itemset algorithm, is introduced. The goal
of this work is to solve the efficient updating problem of
association rules after a nontrivial number of new records have
been added to a database. Our approach introduces a promising
frequent itemset for an infrequent itemset that has capable of
being a frequent itemset after a number of new records have
been added to a database. This can reduce a number of times to
scan an original database. As a result, the algorithm has
execution time faster than that of previous methods.

The remaining of this paper is organized as follows. We
brief review of related works in Section 2. The Promising large
itemset algorithm is described in Section 3. We evaluate the
performance in Section 4. Finally, we conclude the work of this
paper in section 5.

II. RELATED WORK

An influential algorithm for association rule mining is
Apriori [2]. Apriori computes frequent itemsets in the large
database through several iterations based on a prior knowledge.
Each iteration has 2 steps. For each iteration with 2 steps,
processes are join and prune step. For an frequent itemset, its
support must be higher than a user-specified minimum support
threshold. The association rule can be discoverd based on
frequent itemsets that must be higher than user-specified
minimum confidence.

For dynamic databases, several incremental updating
techniques have been developed for mining association rules.
One of the previous work for incremental association rule
mining is FUP algorithm that was presented by Cheung et al
[3]. FUP algorithm is the first incremental updating technique

ICICS 2007



for maintenance association rules when new data are inserted to
database. Based on the framework of Apriori algorithm, FUP
computes frequent itemsets using large itemsets found at the
previous iteration. The major idea of FUP is re-use frequent
itemsets of previous mining to update with incremental
database. The key performance of FUP is pruning technique to
reduce the number of candidate set in update process. The
extension algorithm of FUP is FUP2 [4] that is proposed to
handle all update cases when database are added to, deleted
from a database.

Ayan et al [5] present an algorithm called UWEP (Update
With Early Pruning). UWEP follows the approaches of FUP
and partition algorithm. It employs a dynamic look-ahead
strategy in updating existing large itemsets by detecting and
pruning superset of large itemsets in an original database that
will no longer remain large in updated database. UWEP scans
at most once in both original database and incremental
database. UWEP generates smaller candidate set from the set of
itemsets that are large both an original and incremental
database.

Furthermore, negative border algorithm [6], an incremental
mining algorithm based on FUP, reduces to scan original
database and keeps track of large itemsets and negative border
when transaction is added to or delete from database. Negative
border consists of all itemsets that are candidates of the level-
wise method. An itemset is in the negative border did not have
enough support but all its subsets are frequent. If the negative
border of large itemsets expands, this algorithm is required to
full scan a whole database. This is the case because negative
border algorithm does not cover all large itemsets in updated
database.

III. PROMISING FREQUENT ITEMSET ALGORITHM

In an observation the itemset will be frequent itemset in
updated database if it is member of large itemset in original
database or incremental database. The main problem of
incremental update is changing of frequent itemset that cause
to re-execute from original database again.

In this paper we present the new idea to avoid scanning the
original database. Then we compute not only frequent itemset
but also compute itemset that may be potentially large in an
incremental database called “Promising frequent Itemset”.

An algorithm find all possible k-itemset of promising
frequent itemset in original database. If member of frequent for
each iteration is more than or equal to k-itemset. This idea is
guarantee that promising frequent itemset algorithm are cover
all frequent itemset that occur in updated database.Thus,
updating the new transactions are quickly because it can use the
information from the existing original database.

In this section we describe our algorithm into 2 subsection.
In our approach, an original database is firstly mined and all
frequent itemsets and promising frequent itemset. Secondly
each incremental dataset in mined and updated to frequent and
promising frequent itemset. The result of updating, some
infrequent itemsets or new itemsets may be changed into
frequent itemset.

151
A. Original database Discovery

A dynamic database may allow insert new transactions.
This may not only invalidate existing association rules but also
activate new association rules. Maintaining association rules
for a dynamic database is an important issue. Thus, this paper
proposes a new algorithm to deal with such updating situation.
Our assumption for the new algorithm is that the statistics of
new transactions slowly change from original transactions.
According to the assumption, the statistics of old transactions,
obtained from previous mining, can be utilized for
approximating that of new transactions. Therefore, Support
count of itemsets obtained from previous mining may slightly
different from support count of itemsets after inserting new
transactions into an original database that contains old
transactions. The new algorithm uses maximum support count
of I-itemsets obtained from previous mining to estimate
infrequent itemsets of an original database that will capable of
being frequent itemsets when new transactions are inserted into
the original database. With maximum support count and
maximum size of new transactions that allow insert into an
original database, support count for infrequent itemsets that
will be qualified for frequent itemsets, i.e. min_pl, is shown in
equation 1:

min_sup ,— M}xinc_size < min_PL < min_sup,; (1)
total size

where min_suppsy is minimum support count for an
original database, maxsupp is maximum support count of
itemsets, current size is a number of transaction of an original
database and inc_size is a maximum number of new
transactions.

Here, a promising frequent itemsets is defined as following
definition:

Definition A promising frequent itemset is an infrequent
itemset that satisfies the equation 1.

As an example, an original database shown in figure 1. has
10 transactions, i.e. [DB|=10. Then, three new transactions is
inserted into the original database, i.e. |[db] =3. Here, minimum
support count for mining association rules is set to 4 (40
percent). From figure 1, maximum support count of 1-itemsets
of the original database is 7. min_PL is computed as the
follows:

min_ PL = 4—[ ? xa] =2 )
10

According to equation 2, if any itemset has support count at
least 2 but less than 4, then it will be promising frequent
itemsets. Thus, the frequent 1- itemset is {A, B, C} and the
promising frequent 1- itemset is {D, E}.

In this paper, apriori algorithm is applied to find all possible
frequent k- itemsets and promising frequent k-itemsets. Apriori
scans all transactions of an original database for each iteration
with 2 steps processes are join and prune step. Unlike typical
apriori algorithm, items in both frequent k- itemsets and
promising frequent k-itemsets can be joined together in the join
step. For a frequent item, its support count must be higher than



a user-specified minimum support count threshold and for a
promising frequent item, its support count must be higher than
min_PL but less than the user-specified minimum support
count. As examples, figure 2. and 3. show the promising
frequent and frequent 2- itemsets and the promising frequent
and frequent 3- itemsets respectively.

1 A BE A 7
2 B,D B 7
3 B,.C C B
4 A,BD D 2
5 A, C E 3
b 8;.C

7 Al

8 A B ,CE

9 A, B,

10 AC

Figure 1. Transaction data and candidate 1-itemsets

us)
<
O|=|O|WN W)=l

Figure 2. candidate, frequent and promise frequent 2-itemset

ABE 3
ABE 3
ACE 1
BCD 0
BCE 0
BDE 0

Figure 3. candidate, frequent and promise frequent 3- itemset

B.  Updating frequent and promising frequent itemsets

When new transactions are added to an original database,
an old frequent k-item could become an infrequent k-item and
an old promising frequent k-item could become a frequent k-
item. This introduces new association rules and some existing
association rules would become invalid. To deal with this
problem, all k-items must be updated when new transactions
are added to an original database. In this section, we explain
how to update all old items.

The size of an updated database increases when new
transactions are inserted into an original database. Thus,
min_PL must be recalculated in order to associate with the new
size of an updated database. min_PL paae) is computed as the
follows:
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Then, If any k-item has support count greater than or equal
to min_supmeudy), this itemset is moved to a frequent k-item of
an updated database. In the other case, if any k-item has
support count less than min_suppgugy) but it is greater or equal
to min_PLupaue) 5 this k-item is moved to a promise frequent
itemset of an upated database. The following algorithms are
developed to update frequent and promising frequent k-tems of
an updated database.

The first algorithm, shown in figure 4, updates a frequent
and a promising frequent 1-itemset. After obtaining support
count of candidate 1-itemsets of an incremental database, the
support count of the candidate 1-items is summed to that of the
1-items of an original database. Then, If any item has support
count greater than or equal to min_suppgoa) this item is
moved to a frequent 1-itemset of an updated database. In the
other case, if any item has support count less than
min_suppsugy)y but it is greater or equal to min_PLpdae » this
item is moved to a promise frequent 1-itemset of an updated
database. In addition, if any item is a new frequent item or a
new promising frequent item, this item will be added to Templ
set. Then, Templ is joined and pruned with both a promise
frequent k-itemset and a frequent k-itemset to obtain
Temp_newCk. The algorithm for joining and pruning items is
shown in figure 5.

The k-itemsets of the Temp_newCk are scanned in an
incremental database. A k-itemset of Temp newCk can
become a frequent itemset in an updated database only if the k-
itemset of the Temp _newCk is a frequent itemset in an
incremental database. Thus, if a itemset of the Temp_newCk
has support count greater than or equal to min_sup(db), the
item is moved to an estimated fiequent k-itemset. Similarly, a
k-itemset of Temp_newCk can become a promising frequent
itemset in an updated database only if the k-itemset of the
Temp_newCk is a frequent itemset in an incremental database.
Thus, if a k-itemset of Temp_newCk has support count less
than min_sup(db) but greater or equal to min_PL(update) or
min_PL(DB), the k-itemset is moved to an estimated
promising frequent k-itemset. Then, both the estimated promise
frequent k-itemsets and the estimated frequent k-itemsets are
added to Temp_scanDB. Figure 6 shows updating k-itemset
algorithm for k>=2.

As the last phase for the incremental algorithm, the k-items
of Temp_scanDB is scanned in an original database to update
their support count. Like previous cases, If any k-item has
support count greater than or equal to min_supppoa). this k-
item is moved to a frequent k-itemset and if any k-item has
support count less than min_suppsuas) but it is greater or equal
to min_PLpqate) > this k-item is moved to a promise frequent k-
itemset. The algorithm for finding support count of k>=2
itemsets shows in figure 7.
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Algorithm 1 Updating frequent and promising frequent
1-itemset
Input :
(1) L' pa: 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'pe : candidate 1-itemset of original database,
(4) C's: candidate 1-itemset of incremental database.
Qutput :
(1) L' s uay - frequent itemset in updated database,
(2) PL' B uaw : promising frequent itemset in updated
database,
(3) new frequent itemsets : new frequent itemset in updated
database ,
(4) new promising frequent itemsets : new promising frequent itemset in
updated database
(5) Temp_newCk : new candidate 2-itemset in updated database

C's = all 1-itemsets in db with support >0

1

2 k=1

3 While C'y, >0 do

4 For each X € C'pp do

5 X.support (peudyy = X.supportps + X.supportay
6 If (XeL'ps or X PL'ng) and

7 (X.support (psudyy ) >= mMin_supppuay Then
8 Add X to L' peuay

9 Add X to templ

10 Foreach Xe L'ppdo

11 1f X.supportpsuam ™= min_Supmsuay Then
12 Add X toL' ppua

13 Else

14 If X.supportpsua>= min_PL (DBwdb) Then
15 Add X to PL' mpoay

16 For each X e PL'pgs do

17 If X.supportppuay>= min_supmeuay Then
18 Add X to L' paoa

19 Add X 1o templ

20 Else
21 If X.supportmsuay >= min_PLopuay Then
22 Add X to PL' paouay
23 For each X ¢ C'ppdo

24 Add X to C'paoa

25 If X supportgs >= minsuppeuay (new item in db) Then
26 Add X to LI(DBudb)
27 Add X to templ

28 Else
29 If X supportay>= min_PLppuay Then
30 Add X to PL' paum
31 Add X to templ

32 If templ # {} Then

33 Y € templ
34 Cpsuay (new) = gen_newcandidate (Y)
35 Clear templ
36 Add C*paoay (new) to Temp_newCk
37 k=k+1

Algorithm 2 Gen_newcandidate

Input :

(1 )L B uay - frequent k-itemset in updated database,

(2) PL*pgoawy © promising k-itemset in updated database.
(3) Templ : new frequent k-itemset in updated database
Qutput :

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

1 If k<= (length(L) + length(PL))

2 For each Y € Templ

3 ¥ (new) =Y *(L"os va) VPL 08 uawy)

4 Force C*'(new)

5 Delete ¢ from C**'pp(new) if all subset of ¢ is in L* or PL®

Figure 5. Generating new candidate itemset algorithm

Figure 4. Updating frequent and promising frequent 1-itemset algorithm

Algorithm 3 Update frequent and promising frequent
itemsets for k>= 2 itemset
Input :
(1)L¥p : frequent k-itemset in original database,
(2) PLYg, : promising frequent k-itemset in original,
database
(3) Temp_newCk : new candidate k-itemset in updated database.
Output :
(1) L paoay : frequent k-itemset in updated database,
(2) PL* b5 uavy : 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
promising frequent k-itemset in updated database
(5) Temp_newCk : new candidate k+1-itemset in updated database.

k=2

1

2 While k <= (length(L") +length(PL")) do

3 Scan db for V(L") , ¥(PL*) and ¥(items) € Temp_newCk
4 X.support (pguay = X.supportpy + X.supports
5 Foreach X e LY do

6 If X supportpauay>= min_suppsuay Then
7 Add X to L* paua

8 Else

9 If X supportpsuay>= min_PLmaay Then
10 Add X to PL* paoay

11 Foreach X € PL'ms do

12 If X supportpauas >= min_suppsuay Then
13 Add X 1o L* pauay

14 Add X to templ

15 Else

16 If X.supportpsum >= min_PLoauay Then
17 Add X toPL! (DBudb)

18 For each Y € Temp_newCk do

19 If Y.supporta,>= min_supy Then
20 Add Y to Temp_scanDB(L  ppoa)
21 Add Y to Templ(L* peuay)

22 Else
23 If Y .supporty >= (min_PL mpauay)
24 or Y.support>= min_PL @) )Then
25 Add Y to Temp_scanDB(PL" ppuay)
26 Add Y to Temp] (PL ppoan)

27 Clear Temp_newCk
28 If Templ # {} Then

29 Y € Templ

30 C**! pmuay (new) = gen_newcandidate (Y)
31 Clear Templ

32 Add C**' paoay (new) to Temp_newCk

33 k=k+1

If Temp_scanDB # {} Then Find_SuppcountDB

Figure 6. Update k >= 2 itemset algorithm




Algorithm 4 Find_SuppcountDB
Input :

n L“M, € Temp_scanDB : Estimated frequent k-itemset,

(2) PL"psuay € Temp_scanDB : Estimated promising frequent k-itemset
Output :

(1)L puayy : frequent k-itemset in updated database,

(2) PLppuay) : promising frequent k-itemset in updated database

For each W € Temp_scanDB
Scan DB for W
W.supportpeua = W.supportps + W.supportas
If W.supportpsoa)>= min_supmeuas Then
Add W lDlenug,)
Else
If W.supportps_a)>= min_PLppua,) Then
Add W to PL* paoa
Clear Temp_scamDB

O 0B W -

Figure 7. Finding support count in an original database algorithm

IV. EXPERIMENT

To evaluate the performance of promising frequent
algorithm, the algorithm is implemented and tested on a PC
with a 2.8 GHz Pentium 4 processor, and 1 GB main memory.
The experiments are conducted on a synthetic dataset, called
T10I14D10K. The technique for generating the dataset is
proposed by Agrawal and etc. [1]. The synthetic dataset
comprises 20,000 transactions over 100 unique items, each
transaction has 10 items on average and the maximal size
itemset is 4

Firstly, the proposed algorithm is used to find association
rules from an original database of 10,000 transactions. Then,
several sizes of incremental databases, i.e. 10%, 20%, 30%,
40% and 50% of the original database, are added to the original
database. For comparison purpose, FUP algorithm is also used
to find association rules from the same original database and
the same incremental databases. The experimental results with
various minimum support thresholds are shown in Tablel and
Figure 8. From the results, the proposed algorithm has better
running time than that of FUP algorithm.

TABLE L. EXECUTION TIME WITH VARYING SIZE OF INCREMENTAL
DATABASE
Execution time (sec.)
Min_sup | Algorithm Percent of Incremental database size
10% 20% 30% 40% 50%
Promising
Frequent 185.2 546 1047 1563.4 | 19355
4% Itemset
FUP 2521.5 5012 7110.7 | 99963 | 11539
Promising
Frequent 191.26 | 430.11 | 632.06 | 855.39 1048
5% Itemset
FUP 20236 | 41624 | 59704 | 8678.1 | 10681
Promising
Frequent 93.562 | 180.41 | 304.56 | 366.78 | 452.7
6% Itemset
FUP 1680.5 3868 5446.8 | 6889.5 | 95163
Promising
Frequent 52985 | 98296 | 463.22 | 18084 | 2147.1
7% Itemset
FUP 1350.6 | 2723.7 | 48733 | 59723 | 8856.3
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ceeaee- FUP %

T1014D10

——=— Promising 7%

0% 20% 40% 60%
Incremental size

Figure 8. Execution Time comparison

V. CONCLUSIONS

We have proposed promising frequent algorithm for
incremental association rule mining. Assuming that the two
thresholds, minimum support and confidence, do not change,
the promising frequent algorithm can guarantee to discover
frequent itemsets. From the experiment, our algorithm has
better running time than that of FUP algorithm. In the future,
further researches and experiments on the proposed algorithm
will be presented.
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Abstract

In dynamic databases, new transactions are
appended as time advances. This may introduce new
association rules and some existing association rules
would become invalid. Thus, the maintenance of
association rules for dynamic databases is an
important problem. In this paper, probability-based
incremental association rule discovery algorithm is
proposed to deal with this problem. The proposed
algorithm uses the principle of Bernoulli trials to find
expected frequent itemsets. This can reduce a number
of times to scan an original database. This paper also
proposes a new updating and pruning algorithm that
guarantee to find all frequent itemsets of an updated
database efficiently. The simulation results show that
the proposed algorithm has a good performance.

1. Introduction

Data mining is one of the processes of Knowledge
Discovery in Database (KDD) that is used for
extracting information or pattern from large database.
One major area of data mining is association rule
mining [1] that discovers hidden knowledge in
database. The association rule mining problem is to
find out all the rules in the form of X =>Y, where X
and Y c I are sets of items, called itemsets. The
association rule discovery algorithm is usually
decomposed into 2 major steps. The first step is find
out all large itemsets that have support value exceed a
minimum support threshold and the second steps is
find out all the association rules that have value
exceed a minimum confidence threshold.

However, a database is dynmamic when new
transactions are inserted into the database. This may
introduce new association rules and some existing
association rules would become invalid. As a brute
force approach, apriori algorithm may be applied to
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King Mongkut’s Institute of Technology
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mining a whole dynamic database when the database
has been changed. However, this approach is very
costly even if small amount of new transactions is
inserted into a database. Thus, the association rule
mining for a dynamic database is an important
problem. Several research works [6, 7, 8, 9] have
proposed several incremental algorithms to deal with
this problem. Review of related works will be
introduced in section 2.

In this paper, a new incremental algorithm, called
probability-based  incremental  association  rule
discovery, is introduced. The goal of this work is to
solve the updating problem of association rules after a
number of new records have been added to a database.
Based on probabilistic approach, our incremental
algorithm predicts infrequent itemsets that have
capable of being frequent itemsets after a number of
new records have been added to a database. That
infrequent itemsets is called expected frequent
itemsets. Our algorithm can reduce a number of times
to scan an original database. As a result, the algorithm
has execution time faster than that of previous
methods.

2. Previous work

An influential algorithm for association rule mining
is Apriori [2]. Apriori computes frequent itemsets in a
large database through several iterations based on a
prior knowledge. Each iteration has 2 steps which are
a joining step and a pruning step. For a frequent
itemset, its support must be higher than a user-
specified minimum support threshold. The association
rule can be discoverd based on frequent itemsets.

For dynamic databases, several incremental
updating techniques have been developed for mining
association rules. One of the previous works for
incremental association rule mining is FUP algorithm
that was presented by Cheung et al [3]. The major idea
of FUP is re-using frequent itemsets of previous



mining to update with frequent itemsets of an
incremental database based on the concepts of Apriori.

Furthermore, negative border approach is presented
by Toivonen [5], Thomas et al [6] and Feldman et al
[8]. The negative border approach is an incremental
mining algorithm based on FUP. The border itemset is
not a frequent itemset but all its proper subsets are
frequent itemsets. The approach need to keep a large
number of border itemsets in order to reduce scanning
times of an original database.

To reduce memory space, Hong et al [9] and
Amornchewin et al[10] propose a new approach. The
approach maintains both frequent itemsets and
expected frequent itemsets. An expected frequent
itemset is not a frequent itemset but is expected to
become a frequent itemset when a new database is
added to an original database. In order to guarantee
that all frequent itemsets can be found when a new
database is added to an original database, the approach
can only allow very small size of an incremental
database to insert into an original database.

Similarly, the proposed method in this paper also
keeps not only frequent itemsets but also expected
frequent itemsets from an original database. Unlike the
previous works, this paper proposes a new technique
for predicting expected frequent itemsets. Here, the
principle of Bernoulli trials is used to predict the
expected frequent itemsets. The expected frequent
itemsets obtained from the proposed technique has
lesser members than the border itemsets and the
expected frequent itemsets obtained from the previous
technique. This work also proposes a new updating
algorithm that guarantee to find all frequent itemsets of
a dynamic database efficiently.

3. Probability-based Incremental
Association Rule Discovery Algorithm

When a dynamic database is inserted new
transactions, not only some existing association rules
may be invalidated but also some new association rules
may be discovered. This is the case because frequent
itemsets can be changed after inserting new
transactions into a dynamic database. Therefore, an
association rule discovery algorithm for a dynamic
database has to maintain frequent itemsets when new
transactions are inserted into the dynamic database.

The task of an association rule discovery algorithm
for a dynamic database can be divided into three tasks.
The first task is to update support count of existing
frequent itemsets. The second task is to prune existing
frequent itemsets that have support count below a
minimum support threshold after updating the
database. The third task is to discover new frequent
itemsets that have support count equal or above a
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minimum support threshold after updating the
database.

In this section, we describe our algorithm into 2
subsections.  Firstly, probability-based  expected
frequent itemsets is presented. Secondly, updating

frequent and expected frequent itemsets is introduced.

3.1 Probability-Based Expected Frequent
Itemsets

For our algorithm, an original database, which is a
database before being inserted new transactions, is firstly
mined to find all frequent itemsets that satisfy a minimum
support count, denoted Kigna. Furthermore, the proposed
algorithm also predicts and keeps expected frequent
itemsets that may become frequent itemsets if new
transactions are inserted into the original database.

Our assumption for the new algorithm is that the
statistics of new transactions slightly change from original
transactions and the maximum number of new
transactions that be allowed to insert into an original
database is available. According to the first assumption,
the statistics of old transactions, obtained from previous
mining, can be utilized for approximating that of new
transactions. Therefore, the new algorithm uses support
count of itemsets obtained from previous mining to
approximate the probability of infrequent itemsets in an
original database that may be capable of being frequent
itemsets when new transactions are inserted into the
original database.

Here, the process of inserting m transactions into an
original database of n transaction can be considered as
(m+n) Bernoulli trials, which are (m-+n) sequence of
identical trials. Each itemset has its probability of
appearing in a transaction, denoted by p, ie., the
probability of success. According to the principle of
Bernoulli trials, the probability of the number of an
itemset to appearing in (n+m) transactions, denoted by
P(x), can be found by the following equation:

P(x)=[n:m)px -(I—P)”+m_x

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

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

P(xZ k)ypm =1-Plx <), (N

Here, an expected frequent itemset is an itemset
that is not a frequent itemset but has its probability to
be a frequent intemset greater than Proby. Proby is a
threshold constant 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.

3.2. Updating frequent and expected frequent
itemsets

When new transactions are added to an original
database, an old frequent k-itemset could become an
infrequent k-itemset and an old expected frequent k-
itemset could become a frequent k-itemset. This
introduces new association rules and some existing
association rules would become invalid. To deal with
this problem, all k-itemsets must be updated when new
transactions are added to an original database. The
notation used in this section is given in Tablel.

Table 1. The notation for Updating frequent and
expected frequent itemsets algorithm

DB Original database

db Incremental Database

UpP Updated database

k Number of itemset

o Minimum support

p Minimum Expected Frequent
Cy Candidate k-itemset

Fy Frequent k-itemset

EFy Expected Frequent k-itemset

Here, a new updating frequent and expected
frequent itemsets algorithm shown in Figure 1 is
proposed in this paper. The algorithm consists of three
phases. The first phase is updating 1- frequent and
expected frequent itemsets, i.e. linel-3. The second
phase is repeatedly updating the other frequent and
expected frequent itemsets by using only an
incremental database, i.e. line 6-11. The third phase is
scanning an original database, i.e. line 13-22.

The First phase is updating 1- frequent and expected
frequent itemsets. According to our propose, the 1-
candidate itemsets of an updated database, i.e. C¥,
can be found by combining the 1-candidate itemsets of

an original database, i.e. C””, with the 1-candidate
itemsets of an incremental database, i.e. C . Then, the

support count of C* can be updated by scanning only

an incremental database. Then, the result of this phase
is consist of 1-frequent and expected 1-itemsets of an
updated database.

The second phase has 2 major steps which are a
generating &~ incremental candidate itemsets step and
an updating support count of k- incremental frequent
and k- incremental expected frequent itemsets step for
k greater than or equal to 2. For £=2, the 2- incremental

candidate itemsets are easily obtained by joining F"*
with 57 . For k>2, the algorithm is firstly find &-
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candidate itemsets of an incremental database, i.e.C{",
by joining £® with 7% . Similar to Apriori algorithm,
the k- candidate itemsets of an incremental database
can be the updated frequent itemsets, i.e. 7", only if

the subsets of the k- candidate itemsets of an
incremental database must be in the (k-1 )- updated
frequent. Thus, the k- incremental candidate itemsets,
will keep only the k- candidate itemsets of an
incremental database whose subsets of the k- candidate
itemsets are in the (k-1) - updated frequent intemsets.
This can prune the k- candidate itemsets of an
incremental database that can’t be the k- updated
frequent intemsets.

Algorithm1 : Updating frequent and expected
frequent itemsets Algorithm

Input : DB, db, k, aVF ,p" pPB cPB EDB EEPBond their count
Output : F:"'P. E.F,U 4

L k=1

2 ifk=1

3 Update 1~ itemset

4 k=k+1

5. else

6 forlk=2 A 20 k+4)do

7. Generate Candidate ltemset

8. Update k - itemsei( return m, Temp _scanDB )

9. //'m is the maximum itemset of Temp _scanDB

10. k=k+1

11.  end do

12 endif

13, k=2

14, while (Temp _scanDBy # ¢ and (k<m) do

15. Scan Original Database for all X €Temp _scanDB,
16 Jor all X € Temp_ scanDB, do

17. el X, UP)=c(X,DB)+ cx,db)

18 end do

19. -l sF,,UP U{XI X € Temp _scanDB,, and c(X UP)z oF I

20 ER = ERP U (| Xe Temp_scanDBy and gV s o(X.UP)< " |
21 k=k+1

22 end do

23. clear Temp_scanDB

Figure 1. Updating freiv.igronn_ %ﬂ& expected frequent itmesets

When any k-itemsets are not in the union set of the
original A-frequent and the original k- expected
frequent itemsets, but is in the k- incremental candidate
itemsets, their support counts need to be specially
updated. This is the case because their support counts
obtained from an original database are not available.
Here, their support counts in an original database are
assumed to be equal to the sum of p” - 1 and their
support counts from an incremental database. If any k-
itemsets have support counts below updated min
support count, i.e. 67, the k-itemsets can’t be the k-
updated frequent itemsets. On the other hand, if any k-
itemsets have support counts above or equal to an



updated min support count, the k-itemsets are likely to
be the k-updated frequent itemsets. Thus, the k-
itemsets, which have support counts above or equal to
an updated min support count, are set aside for finding
their true support counts from an original database.

At the third phase, an original database is scanned to
find true support counts for the A-itemsets that are likely
to be the k-updated frequent itemsets. The support counts
of the likely k-updated frequent itemsets are found and
updated by scanning an original database. Then, all -
updated frequent itemsets and k-updated expected
frequent itemsets are found.

4. Experiments

To evaluate the performance of probability-based
incremental association rules discovery algorithm, the
algorithm is implemented and tested on a PC with a 2.8
GHz Pentium 4 processor, and 1 GB main memory.
The experiments are conducted on a synthetic dataset,
called T10I14D10K. The technique for generating the
dataset is proposed by Agrawal and etc. [1]. The
synthetic dataset comprises 110,000 transactions over
100 unique items, each transaction has 10 items on
average and the maximal size itemset is 4.

Firstly, the proposed algorithm with Prob, = 0.06
used to find association rules from an original database
of 10,000 transactions. Then, the same sizes of
incremental databases, i.e. 10% of the original
database, are added to the original database for 100
trials. For comparison purpose, FUP and Borders
algorithm are also used to find association rules from the
same original database and the same incremental
databases. Figure 2 and Table 2 show the average of
execution time for FUP, Borders and our approach. The
results also show that the proposed algorithm has much
better running time than that of FUP.

Table 2. Average of Execution time

Average of Execution time for 100 trials
Min_sup (%) FUP Borders Probability-Based
3% 3195.6939 2660.9297 2354.24533
% 2274.4477 2087.8636 1931.19147
T10MD10

% "
Minimum support threshald [

Figure 2. The execution time of FUP, Borders and the proposed
algorithm
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5. Conclusion

We have proposed probability-based incremental
association rule discovery algorithm. Assuming that the
two thresholds, minimum support and confidence, do not
change, the algorithm can guarantee to discover all
frequent itemsets. From the experiment, our algorithm has
better running time than that of FUP and Borders
algorithm. In the future, further researches and
experiments on the proposed algorithm will be presented.
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Abstract: In dynamic databases, new transactions are appended as time advances. This paper is
concerned with applying an incremental association rule mining to extract interesting
information from a dynamic database. An incremental association rule discovery can create an
intelligent environment such that new information or knowledge such as changing customer
preferences or new seasonal trends can be discovered in a dynamic environment. In this paper,
probability-based incremental association rule discovery algorithm is proposed to deal with this
problem. The proposed algorithm uses the principle of Bernoulli trials to find expected frequent
itemsets. This can reduce a number of times to scan an original database. This paper also
proposes a new updating and pruning algorithm that guarantee to find all frequent itemsets of
an updated database efficiently. The simulation results show that the proposed algorithm has
better performance than that of previous work.

Keywords: Incremental Association Rule Discovery, Association Rule Discovery, Data mining
Categories: .1.2,1.2.6

1 Introduction

Recent works in the field of databases have been used in business management,
government administration, scientific, engineering data management, and many other
applications. This explosive growth in data and databases has generated an urgent
need for new techniques and tools that can intelligently and automatically transform
the processed data into useful information and knowledge.

During the past few years, data mining has been considered as new techniques
and tools for intelligently transforming the processed data into useful information and
knowledge. Data mining provides the technique to analyze and convert mass volume
of data and/or detect hidden patterns in data into valuable information. Data mining
may be applied in an intelligence environment in a number of domains [Guo, Zhao
2008; Thuraisingham, Ceruti 2000; Du et al. 2008; Gong 2008; Juan et al. 2008 and
Lubhr et al. 2005].

An important technique of data mining is association rules mining [Argrawal
1993] which studies the buying behaviors of customers and thus improves the quality
of business decisions. It aims to extract interesting correlations, frequent patterns,
associations or casual structures among sets of items in the databases. Association
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rule mining is widely used in several business such as mobile data service
environment in [Pawar, Aggarwal 2004], intelligent transportation system in [Juan et
al. 2008], market basket analysis in [Brin 1997] and [Liu et al.1999], hospital
information system in [Elfangary, Atteya 2008], etc.

The rules discovered from a database only reflect the current state of the database.
However, in a dynamic database where new transactions are inserted frequently,
association rules discovered in the previous database possibly no longer valid and
interesting rules in the updated database. As a result, new business information such
as changing customer preferences or new seasonal trends may not be discovered. To
create an intelligent environment such that new business information can be
discovered in a dynamic database, association rules algorithms should be capable of
mining a dynamic database incrementally. Several research work [Ayan et al. 1999;
Chang et al. 2005; Lee et al. 2001; Feldman et al. 1990; Ratchadaporn, Kreesuradej
2007; Sarda et al. 1998 and Veloso et al. 2002] have proposed several incremental
algorithms to deal with this problem. The review of related work will be introduced in
section 2.

In this paper, we propose a new incremental association rule discovery algorithm,
called Probability-Based Incremental Association Rule Discovery Algorithm, for the
environment of a dynamic database. The algorithm is capable of dynamically
discovering new association rules when a number of new records have been added to
a database. In our approach, we use the probability to predict infrequent itemsets that
have capable of being frequent itemsets after a number of new records have been
added to a database. That infrequent itemsets is called expected frequent itemsets. Our
algorithm can reduce a number of times to scan an original database. As a result, the
algorithm has execution time faster than that of previous methods.

2  Previous work

An influential algorithm for association rule mining is Apriori [Agrawal Srikant
1993]. Apriori computes frequent itemsets in a large database through several
iterations based on a prior knowledge. Each iteration has 2 steps which are a joining
step and a pruning step. For a frequent itemset, its support must be higher than a user-
specified minimum support threshold. The association rule can be discovered based
on frequent itemsets. Based on Apriori algorithm, many new algorithms [Savesere et
al. 1995] were designed with some modifications or improvements.

In dynamic databases, new transactions are appended as time advances. This may
introduce new association rules and some existing association rules would become
invalid. Thus, the maintenance of association rules for dynamic databases is an
important problem. Maintaining association rules has been studied popularly in data
mining. There are 2 main approaches to mining association rules for dynamic
databases incrementally. The first approach assumes that association rules to be found
are not stable over time. Recent patterns that represent new trends to be discovered
are more interesting than old patterns. Thus, the first approach treats recent added
transactions higher important than old transactions. The association rules obtained
from the first approach are just the approximation of those obtained by re-running
Apriori algorithm.
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As the first approach, Zhang et al. [Zhang et al. 2003] proposed a weighting
technique for discovering association rules in a dynamic database. The technique
gives recent added transactions higher weight than old transactions. Then, frequent
itemsets can be maintained incrementally by using a competitive model to promote
infrequent itemsets to frequent itemset and degrade frequent itemset to infrequent
itemset.

Similar to Zhang’s work, Dudek et al. [Dudek et al. 2005] proposed a method of a
time influence function in order to reflect that recent patterns are more interesting
than old patterns. The time influence function gives recent added transactions higher
weight than old transactions. In addition, this work also proposed using estimated
support and confidence to deal with situation that new association rules are
discovered only in new transactions but are not discovered only in old transactions.
However, this work did not propose the method to estimate the estimated support and
confidence.

Unlike the first approach, the second approach assumes that association rules to
be found are stable over time. Thus, the second approach treats both old and new
transactions as of equal importance. As a result, the association rules obtained from
the second approach are the same as those obtained by re-running Apriori algorithm.
According to Teng and Chen [Teng, Chen 2005], the second approach is categorized
into Partition-based, Pattern growth and Apriori-based techniques.

Partition-based techniques partition a database into n partition and processes each
partitions for an on going time variant database. For each frequent itemset must exist
at least one of the n partitions. Sliding-window filtering (SWF) [Lee et al. 2001] is a
partition algorithm for an incremental association mining. The concept of SWF is
partitioning a transaction database into n partitions, P, Py, ..., P, and processing one
by one. The filtering threshold is employed for selecting frequent itemset in each
partition to deal with the candidate itemset generation. The key idea of SWF is to
compute candidate 2-itemset as close to frequent 2-itemset as possible. SWF need one
scan over the updated database for finding the frequent itemset from the candidate
ones. Based on SWF, FI_SWF and CI_SWF [Chang, Yang 2003] are proposed to
reduce the number of candidate itemsets of SWF.

Pattern-Growth techniques are basically based on FP-tree to discover association
rules. Since FP-tree cannot be directly applied to the problem of incremental mining,
two alternative forms of FP-tree, i.e., DB-tree [Ezeife, Su 2002] and Potential
Frequent Pattern tree (PotFP-tree) [Ezeife, Su 2002], are proposed to solve the
problem.

Apriori-based techniques, which are the most popular techniques, adopt the
concepts of Apriori algorithm for incremental mining. Since the algorithm in this
work can be classified as Apriori-based techniques, the more comprehensive reviews
of Apriori-based techniques will be presented. The first incremental updating
algorithm for maintaining association rules when new data are inserted into database
is presented by Cheung et al. [Cheung et al. 1996]. FUP computes frequent itemsets
using large itemsets found at previous iteration. The major idea of FUP is re-using
frequent itemsets of previous mining to update with frequent itemsets of an increment
database. At each iteration, the supports of the size-k frequent item sets of an original
database are updated by scanning an increment database. As well as any k-frequent
itemset of the increment database are updated by scanning the original database to
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find the new frequent itemsets. As a result, FUP requires multiple-scan for
maintaining frequent itemsets.

For enhance the efficiency of FUP algorithm, UWEP algorithm is presented by
Ayan et al. [Ayan et al. 1999]. The major idea of UWEP algorithm is reducing the
number of candidate itemset by pruning the supersets of an old frequent itemset in
previous mining that no longer remain in an updated database with at most once
scanning in original database.

To deal with the rescanning problem, negative border approach is presented by
Toivonen [Toivonen 1996], Thomas et al. [Thomas et al. 1997] and Feldman et al.
[Feldman et al. 1999].This approach maintains both frequent itemsets and border
itemsets. The border itemset is not a frequent itemset but all its proper subsets are
frequent itemsets. The approach need to keep a large number of border itemsets in
order to reduce scanning times of an original database. Basically, the border-based
algorithms start by scanning a new database. Then, the border-based algorithms
update support counts of all frequent sets and border sets. Most updated frequent
itemsets can be found not only from frequent itemsets but also from border itemsets.
This can reduce scanning times of an original database. However, when new frequent
itemsets are introduced as updated frequent itemsets, several database scanning is
required to obtain support counts of the new frequent itemsets and their subsets.
Adnan et al. [Adnan et al. 2005] shows that the execute time of the border-based
algorithms can severely slower than that of Apriori when new frequent itemsets are
introduced as updated frequent itemsets.

To reduce memory space, Tsai et al. [Tsai et al. 1999], Hong et al. [Hong et al.
2001] and Amornchewin and Kreesuradej [Amomchewin, Kreesuradej 2007] propose a
new approach. The approach maintains both frequent itemsets and expected frequent
itemsets. Based on FUP algorithm, Tsai et al. use not only support threshold but also
the degree, called tolerance degree, to finding the expected frequent itemset. For
awhile, Hong et al. use the 2 thresholds, upper support and lower support threshold, for
mining frequent and expected frequent itmeset. Amornchewin and Kreesuradej proposes
the idea for estimate expected frequent itemsets by using maximum support count of
1-itemsets obtained from prior mining. An expected frequent itemset is not a frequent
itemset but is expected to become a frequent itemset when a new database is added to
an original database. An expected frequent itemset is not a frequent itemset but is
expected to become a frequent itemset when a new database is added to an original
database. The expected frequent itemsets have lesser members than the border
itemsets. As a result the approach uses lesser memory space than the border based
approach. In order to guarantee that all frequent itemsets can be found when a new
database is added to an original database. The approach of Hong et al. [Hong et al.
2001] and Amornchewin and Kreesuradej [Amornchewin, Kreesuradej 2007], can only
allow very small size of an increment database to insert into an original database.

To deal with the problem that the previous approach can only allow very small
size of an increment database to insert into an original database, a new algorithm,
called Probability-based Incremental Association Rule Discovery Algorithm, is
introduced by Amornchewin and Kreesuradej [Amornchewin, Kreesuradej 2008]. Similar
to the previous approach, the new algorithm also keeps both frequent itemsets and
expected frequent itemsets. However, the new algorithm introduces a new technique,
which is based on the principle of Bernoulli trials, to estimate expected frequent

166



Amornchewin R., Kreesuradej W.: Mining Dynamic Databases ... 2413

itemsets. The preliminary experiments show that the new technique can allow larger
size of an increment database to insert into an original database than that of the
previous approach. Moreover, the experiments also show that the new technique has
execution time faster than that of previous methods.

This paper is the extension work of Probability-based Incremental Association
Rule Discovery Algorithm, introduced by Amornchewin and Kreesuradej
[Amornchewin, Kreesuradej 2008]. The paper provides more theoretical
fundamentals of the algorithm and comprehensive experimental results than that of
Amornchewin and Kreesuradej [Amornchewin, Kreesuradej 2008].

3 Probability-based Incremental Association Rule Discovery
Algorithm

When a dynamic database is inserted new transactions, not only some existing
association rules may be invalidated but also some new association rules may be
discovered. This is the case because frequent itemsets can be changed after inserting
new transactions into a dynamic database. The problem description is given as section
3.1. Then, we describe our algorithm into 2 subsections. Firstly, probability-based
expected frequent itemsets is presented. Secondly, updating frequent and expected
frequent itemsets is introduced.

3.1  Problem description

Let F be the set of all frequent itemsets in the original database, i.e. DB, ¢ be the
minimum support threshold and |DB| be the number of transactions in DB. Assume
that the support count of each frequent itemset in the original database is kept. After
some updates, an increment database, i.e. db, is added into the original database DB,
resulting in an updated database, i.e. UP. The numbers of transactions in db and UP
are denoted |db| and [UP|, respectively, and the support counts of itemset X in DB, db
and UP are c¢(X,DB), c(X,db), c¢(X,UP), respectively. With the same minimum
support threshold @, a frequent itemset X of DB remains a frequent itemset of UP if
and only if its support in UP is greater than or equal to o, ie.
¢(X,UP)2 (|DB|+|db])*c.

According to Tsai et al. [Tsai et al. 1999], an itemset, i.e. X, can be categorized
into four cases:

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

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

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

Case 4: X is neither a frequent itemset in DB nor UP.

Obviously, the itemset of case 4 cannot change an association rule because the
itemset is an infrequent itemset in both DB and UP. The itemset of case 1 and 2 can
easily be discovered because updating support count of the frequent itemset, which is
trivial tasks, requires only the frequency of the itemset from db. The task of
discovering the itemset of case 3 is the hardest task because it requires to rescan an
original database. Thus, how to efficiently discovery the itemset of case 3 is an
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important problem. In the next subsection, a new algorithm to deal with this problem
is proposed.

3.2 Predicting Expected Frequent Itemsets

The task of an association rule discovery algorithm for a dynamic database can be
divided into three tasks. The first task is to update support count of existing frequent
itemsets. The second task is to prune existing frequent itemsets that have support
count below a minimum support threshold after updating the database. The third task
is to discover new frequent itemsets that have support count equal or above a
minimum support threshold after updating the database.

Updating support count of existing frequent itemsets and pruning existing
frequent itemsets are trivial tasks. To perform updating and pruning tasks, the
association rule discovery algorithm requires only frequency of itemsets from new
transactions. Thus, an association rule discovery algorithm does not need to rescan an
original database to perform the tasks.

Unlike the other tasks, the task for discovering new frequent itemsets requires not
only frequency of itemsets from new transactions but also that from an original
database. An association rule discovery algorithm need to rescan an original database
to perform the tasks. Therefore, the discovering new frequent itemsets task is a
nontrivial task for maintaining frequent itemsets

For our algorithm, an original database, which is a database before being inserted new
transactions, is firstly mined to find all frequent itemsets that satisfy a minimum support
count, denoted Kigna. The proposed algorithm also predicts and keeps expected frequent
itemsets that may become frequent itemsets if new transactions are inserted into the
original database.

The process of inserting m transactions into an original database of n transaction can
be considered as (m+n) Bernoulli trials, which are (m+n) sequence of identical trials. Each
itemset has its probability of appearing in a transaction, denoted by piemse, i.€. the
probability of success. According to the principle of Bernoulli trials, the probability of the
number of an itemset to appearing in (n+m) transactions, denoted by P(X)jemses an be
found by the following equation:

n+m
x n+m-x
P(X)itemset =( x J Pitemset” (1= Pitemser ) :

where pjemse is the probability of an itemset appearing in a transaction, m is a number
of new transactions, and n is a number of transactions of an original database. Figure 1
shows the scheme of predicting expected frequent itemsets based on Bernoulli trials.

If k 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:

Plxz k)ffemse! =1 P(x <k)r'remset

(M

According to equation 1, P(x <k) itemset can be found as the following equation:

168



Amornchewin R., Kreesuradej W.: Mining Dynamic Databases ... 2415
k_1 n+m
- X ntm x
Plx< k)itemser - x§0 x Pitemset a-p iremser) @

Figurel: The scheme of predicting expected frequent itemsets based on Bernoulli

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,,. Proby is a threshold constant
specified by users. Prob, indicates the minimum confidence level that a promising
frequent itemset will be a frequent itemset after inserting new transactions into an original
database. The higher Proby is set, the lesser expected frequent itemsets are kept. As
results, the algorithm may need more number of rescanning times in the original database
when the algorithm performs the discovering new frequent item task.

From equation 2, the probability of success of an itemset, i.e., Piemse, can be derived
from the following equation:

c(itemset, DB) + c(itemset,db)
P itemset = ' ®
|DB] + |db|

where c(itemset, DB) is support counts obtained from an original database,
c(itemset, db) is support counts obtained from an increment database, |db| is the total

number of transactions of an increment database, and |[DB| is the total number of
transactions of an original database.

According to the scheme of predicting expected frequent itemsets, an expected
frequent itemset need to be obtained from an original database before an increment
database is available. Therefore, the probability of success of an itemset has to
approximate from an original database. Here, an original database, which has n
transaction, is considered as a sample data of (n+m) transactions. The approximation of
the probability of success of an itemset can be obtained as

a c(itemset, DB,
B, wAUCOE @)
itemset | DBI
where c(itemset, DB) is support counts obtained from an original database, i.c., DB,
and |DB] is the total number of transactions of an original database.
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It is important to evaluate the accuracy of the approximation of the probability of
success of an itemset. The following theorem gives a lower bound, i.e. £, and maximum

probability, i.e. 8, for an error of the approximation of the probability of success of an
itemset.
Theorem 1[Mannila et al. 1994; Toivonen 1996] The probability that

error = |Pilemse.r = Pilemsetl >é&

at most d. If the size of an original database satisfies the following equation:

|DB|> —Iz-ln@.
2€
where [DB] is the size of an original database and |UP| is the size of an updated
database.

According to the theorem, if size of an original is sufficient large, ﬁilemset is a

good approximation of Pjtemset - Therefore, equation 2 can be rewritten as follows,

k_1 n+m ~
P < Kytomset =x§0 x Pitemser™(1- pilemse!)n+ % ®)
As an example, an original database has 10 transactions, i.e. [DB| =10.Then, five new
transactions are inserted into the original database, i.e. |db| =5. Here, minimum support
count for mining association rules is set to 4 (40 percent). If we defined probability for a
expected itemset is Proby = 0.10, P(x = k) is computed shown in figure 2.

- = | e s s g 15-x
‘;;,ﬁ?_ LSS {List P(xz6), = 1- 25: [15 lXi =]
[ 1 =o0\x /10 10
2 s 15\ 7% 3 15-x
2 = ]- — = =
3 Ax20s ,Eg[x ] 10 10 :
4
5 15\ 6* 4 15-x
P(x=26 = 1= i I =
g e Eo[x)lo 10
i 5 (15} 2 * 8 15-x
P(x2 = 1- Lt e =0.
B (x26)p = 1 Eo[x J 10 10 s
) 5 (15 x 15-x
3%
2 = 1= _ = =0,
10 P(x26)g ;E'o[x J TR 0.28

Figure 2: Transaction data and candidate 1-itemsets

From the example, the frequent 1- itemset is {A, B, C}. Item {E} is an expected
frequent 1-itemset because its probability, which is equal to 0.28, is greater than Prob,.

The proposed algorithm generates candidate next k-itemsets by using both frequent k-
itemsets and expected frequent k-itemsets. Firstly, new itemsets is obtained by union of
frequent k-itemsets and expected frequent k-itemsets. Then, the candidate (k+1)-itemsets
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is obtained by self joining the new itemset together. Both frequent (k+1)-itemsets and
expected frequent (k+1)-itemsets can be found similar to that of k-itemsets. The example
of generating candidate next k-itemsets is shown in figure 3.

ABE 3

Figure 3: The example of generating candidate next k-itemsets

3.3  Updating frequent and expected frequent itemsets

When new transactions are added to an original database, an old frequent k-itemset
could become an infrequent k-itemset and an old expected frequent k-itemset could
become a frequent k-itemset. This introduces new association rules and some existing
association rules would become invalid. To deal with this problem, all k-itemsets
must be updated when new transactions are added to an original database. The
notation used in this section is given in tablel.

DB Original database

db Increment database

UP Updated database

k Number of itemset

o Minimum support

p Minimum expected frequent
Ce Candidate k-itemset

Fy Frequent k-itemset

EF, Expected frequent k-itemset

Table 1: The notation for updating frequent and expected frequent itemsets algorithm

Here, a new updating algorithm shown in figure 4 is proposed in this paper. The
algorithm consists of three phases. The first phase is updating 1- frequent and expected
frequent itemsets, i.e. linel-3. The second phase is repeatedly updating the other frequent
and expected frequent itemsets by using only an increment database, i.e. line 6-11. The
third phase is scanning an original database, i.. line 13-16.
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Figure 5 shows the algorithm for updating 1- frequent and expected frequent itemsets.
According to the algorithm, the 1-candidate itemsets of an updated database, i.e. C”", can

be found by combining the 1-candidate itemsets of an original database, i.e.C*, with
the 1-candidate itemsets of an increment database, i.e. C® . Then, the support count of

C/” can be updated by scanning only an increment database, i.e. line 1-4. Then, the 1-
frequent and expected itemsets of an updated database can be found as shown in line 5 and
6 respectively.

Algorithm1 : Main Algorithm
Input: DB, db, k, "%, pF, pP® CP® FP® ERPPand their count

Output: F¥, ER?

L k=1

2. k=1

3. Update 1—itemset

4 k=k+1

5. else

6. forlk=2FV" # ¢ k++)do

7 Generate Candidate Itemset

8 Update k — itemset(return m, Temp _ scanDB)
9 /I m is the maximum itemset of Temp _scanDB
10. k=k+1

11.  enddo

12. end if

13, k=2

14, while (Temp_scanDBI, # ¢ and (ksm) do

15. Sean Original Database(Temp _scanDBy)
16. k=k+1

17. end do

18. clear Temp_scanDB

Figure 4: Main algorithm

The second phase has 2 major steps which are a generating k-increment candidate
itemsets step and an updating support count of k-increment frequent and k-increment
expected frequent itemsets step for k greater than or equal to 2. The algorithm for
generating k- increment candidate itemsets for k greater than or equal to 2 is shown in
figure 6. For k = 2, the 2-increment candidate itemsets are easily obtained by joining

F}UP with F,UP , i.e. line 3. For k > 2, the algorithm is firstly find k-candidate itemsets
of an increment database, i.e. Cf®, by joining F@ with @ , i.e. line 6. Similar to
Apriori algorithm, the k-candidate itemsets of an increment database can be the
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updated frequent itemsets, i.e. EF, only if the subsets of the k-candidate itemsets of
an increment database must be in the (k-1)-updated frequent. Thus, the k- increment
candidate itemsets, i.e. C}®”, will keep only the k- candidate itemsets of an increment

database whose subsets of the k- candidate itemsets are in the (k-1)-updated frequent
itemsets, i.e. line 7-9. This can prune the k- candidate itemsets of an increment
database that can’t be the k- updated frequent itemsets.

Algorithm 2 : Updating 1-itemsets
Input : DB,db,c”", p"F ,CPE, EPE ERPE G and their count
Output . EUP,EFiUP,CIU‘n and their count
1. Scandb and find count c(X,db) for all X € C,‘DB U Cf’b
Sorall Xe cPPuc® do
e(X,UP) = c(X,DB) + c(X,db)
end do
K= {,ve | e(x,UP) = o’UP}

e ={xe cl?| o7 s etx,UP) < aw’}

LA R ]

o>

Figure 5: Update I-itemsest algorithm

Algorithm 3: Generating Candidate k- itemsets
nput - FYF RS FER Lk

Qutput :  Cp*"

1. if k=2then

2 if llenghFU) 2 2) then

3 C;‘_ib - EUP * F]UP

4 Jor all X e c2 do

. ez e e (PP o prpr)

5. end do

6. endif

7. elseif k> 2 then

8 cf = F B

9 for all X e C{® do

10. = {X € cf"l Xe Y and X ¢ (FP? U ERPP )}
11.. end do

12. end if

Figure 6: Generating candidate k- itemsets algorithm
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Figure 7 shows an algorithm for updating support count of k-updated frequent
itemsets and k-updated expected frequent itemsets for k greater than or equal to 2. As
shown in line 1, the algorithm scans an increment database to find and update support

count of the k- updated candidate itemsets, i.e.C;” . When any k-itemsets are not in the
union set of the original k-frequent and the original k- expected frequent itemsets, i.e.
k-itemsets ¢ F°Pu EFP? | but is in the k- increment candidate itemsets, i.e. k-itemsets €

Cy= , their support counts need to be specially updated. This is the case because their
support counts obtained from an original database are not available. Since these k-
itemsets are not in F;”? u EF,”® , their support counts are at best equal to p”" - 1. Here,
their support counts are assumed to be equal to the sum of p””- 1 and their support
counts obtained from an increment database, i.e. c(X,db)+ (po” - l). If any k- itemsets
have support counts below updated min support count, i.e. "%, the k- itemsets can’t be the
k-updated frequent itemsets. On the other hand, if any k- itemsets have support counts
above or equal to an updated min support count, the k-itemsets are likely to be the k-
updated frequent itemsets. Thus, the k- itemsets, which have support counts above or

equal to an updated min support count, are set aside for finding their true support counts
from an original database, i.e. line 9.

Algorithm 4 : Update (k = 2) itemset

Inpw ;: DB, db, o i pl""P . ‘:'DJB JF, *DB | EﬁDB and theircount
Quiput: FEP and EF:”’. Ffb, Temp _scanDBand their count, m
Scandb and find countc( X, db)and c(Y,db)

1

2 \iXe (Ff”uEF,f”’}dee e

3. forall Xe (FP® U ERDP? uc;"“]do

4 irxe(FP® UERPP)and X el then

5 c(x,UP)=c(X,DB)+c(X,db)

6. elseif X e\FP? U ERPE ):mdx € CP then

7 c(X,UP)=c(X,DB)

8 elseif X & (Fk‘m v EﬂD = )md XeCy™ then

9. Temp_scanDBj ={X (c(X.db)+ (a”-" -1))z o}
10 end if

11, enddo
7 ={x c(X.UP)za”"}

13 ER” ={x p”"Sc(x.UP)m”"}

Figure 7: Update (k = 2) itemset algorithm
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At the third phase, an original database is scanned to find true support counts for the
k-itemsets that are likely to be the k-updated frequent itemsets. The algorithm is shown in
figure 8. The support counts of the likely k-updated frequent itemsets are found and
updated by scanning an original database as shown in line 1-6. Then, all k-updated
frequent itemsets and k- updated expected frequent itemsets are found as shown in line
7-8.

The figure 9 shows the increment database and the figure 10 shows the example of
three phases of updating frequent and expected frequent itemsets. In the first phase, the
1-frequent and expected frequent itemset can be updated by scanning only an increment
database. In the second phase, the 2-updated candidate itemset is generated by joining
frequent 1-itemset of updated database together. The new candidate 2-itemset is pruned if
it is member of frequent and expected frequent itemset of an original database. In this
case, set of {AD, BD, CD} are new candidate 2-itemset in the updated database.

The increment database is scanned for 2-itemset of frequent, expected frequent and
new updated candidate. Only new candidate itemset that has support count greater than or
equal to minimum support of increment database, it require to scan in the original
database.

Algorithm 5 : Scanning an original database

Input : Temp_scanDB), ,D’UP ; pUP : FkU P y EFkU‘P and their count

F’?P, EF,f}‘Pand their count

1. Scan DB and obtain count r.‘(X, DB) Jor all Temp_scanDB,

Quiput :

2. for all X € Temp_scanDB; do

3. e(xUP)=c(x DB) + ¢(x db)

4. end do

5 R = {X l X € Temp_scanDBy, and c(X, ur)z sUP }

6. EFf® = {X[ X € Temp_scanDBy, and pUF < (xUP)<osYF }

UpP _ UP new

UP _ - UP new
8. EFj’; —EFk UEFk

Figure 8: Algorithm for scanning an original database
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1

A B D
12 |B,C,D
13 _[B,D.E
14 A B.CD
15 JAC

Figure 9: Increment database

To reduce the number of itemset for scanning original database, if sum of any new
candidate’s support count and support of proby minus 1 is greater than minimum support
of updated database, then it will be moved to Temp_scanDB. In this example, only set of
BD is moved to Temp_scanDB. The last phase, original database is scanned for finding
true support of BD. Finally, the frequent and expected frequent k-itemsets for updated
database are found.

Figure 10: Example of three phases of updating frequent and expected frequent
itemsets

4 Experiment

The purpose of this research is to explore an alternative way to improve the
performance of the association rule mining while facing dynamic database
environments. To evaluate the performance of probability-based incremental
association rules discovery algorithm, the algorithm is implemented and tested on a
PC with a 2.8 GHz Pentium 4 processor, and 1 GB main memory. The experiments
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are conducted on a synthetic dataset, called T10I14D20K. The technique for generating
the dataset is proposed by Agrawal [Agrawal 1994]. The synthetic dataset comprises
250,000 transactions over 70 unique items. Each transaction of the synthetic dataset
has 10 items on average and the maximal size itemset is 4.

Firstly, we show the performance of our algorithm with minimum support 3% and
4%. The proposed algorithm with Proby, = 0.06 is used to find frequent itemsets, expected
frequent itemsets and association rules from an original database of 20,000 transactions.
Then, several sizes of increment databases, i.e. 25%, 50%, 75% and 100% of the original
database, are added to the original database. Then, the proposed algorithm is used to
maintain frequent itemsets, expected frequent itemsets and association rules of the updated
database. For comparison purpose, FUP, Borders and Pre-large algorithm are also used to
find frequent itemsets, expected frequent itemsets and association rules from the same
original database and the same increment databases.

The experimental results with various minimum support thresholds are shown in
figure 11, table 2 and table 3. Table 2 and table 3 show the number of frequent k-itemsets
and k- expected itemsets in an original database for FUP, Borders, Pre-large algorithm and
the proposed algorithm. Since these algorithms are in the second approach which is
assumed that association rules to be found are stable over time, the association rules or
frequent itemsets should be the same as those obtained from re-runing Apriori algorithm.
Thus, each frequent itemset obtained from these algorithms is compared with that obtained
from re-runing Apriori algorithm. The experiments show that all frequent itemset obtained
from FUP, Borders, Pre-large algorithm and the proposed algorithm are the same as those
obtained from re-runing Apriori algorithm.

TIDI4D20K (min_sup = 3%) TI0MD20K (min_sup = 4%)

- Rl ¥
§ oo P
i 40000 § soo0
& 20000 g 2000

0 0

25% 0% 5% 100% 25% 0% 5% 100%
Increment size (% of original database) Increment size (% of original database)
[—o— FUP —®- Probability-based —k— Border —n—Pn-L-go] [-#—FuP —=- Probabiity-based —a— Border —u—Pu-urmJ

Figure 11: Execution time in FUP, Borders and Probability-based when
(a)min_sup =3% and (b) min_sup =4%
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Original Database : Min_sup = 3%
FUP Borders Pre Large Probubility based
Number of Number of | Number of | Number of [Number of | Numiber of [Number of [Number of {Number of [Number of|
k-item | Frequent Frequent kept Frequent kept Frequent kept Frequent kept
_itemset | Infrequent | itewset | Infrequent | itemset | Infrequent | _itemset | Infrequent | itemsel | Infrequent.
itemset itemset itemset itenset itemset
k=1 68 0 0 68 1 68 1 68 0
k=2 700 0 700 0 700 1578 700 418 700 14
k=3 158 0 158 0 158 5003 158 309 158 15
k=4 39 0 3¢ 0 39 “ 39 80 39 1
k=3 21 [ 21 ] 21 0 21 10 21 0
k=6 7 0 7 0 7 0 2 1 7 0
k=7 1 0 1 0 1 0 1 0 1 0

Table 2: Number of itemset of an original database for each algorithm with
min_sup=3%

Original Dalabase : Min_sup = 4%
FUP | Borders Pre-Large Prwbaud
Number of | Number of | Number of | Number of [ Number of [Number of [ Number of [ Number of [ Number of [ Number of
k-itan | Frequent kept Frequent kept Frequent kept Frequent kept Frequent kept
itemset | Infrequent | itemset | Infrequent | itemset | Infrequent | itemset | Infrequent | itemset | Infrequent
itemset itemset itemset itemset
k=1 65 0 65 0 65 4 65 3 65 1
k=2 442 0 442 0 442 1638 442 258 442 25
k=3 24 0 24 0 24 2160 24 134 24 3

Table 3: Number of itemset of an original database for each Algorithm with
min_sup = 4%

From both table 2 and table 3, the results also show that the proposed technique
requires slightly more space to keep the k- expected itemsets than that of FUP. This is the
case because FUP does not need to keep some infrequent itemsets to maintain updated
frequent itemsets but FUP requires multiple-scan an original database to maintain updated
frequent itemsets. Thus, FUP requires more times for scanning an original database than
that of the proposed algorithm. As a result, the proposed algorithm has better running time
than that of FUP. As shown in figure 11, the proposed requires lesser memory space to
keep the k- expected itemsets than that of Borders algorithm and Pre-large algorithm.
However, the algorithm still has better running time than that of Borders algorithm and
Pre-large algorithm. This is the case because the proposed algorithm, which is based on
the principle of Bernoulli trials, has more efficient to predict expected frequent itemsets
than Borders algorithm and Pre-large algorithm. Thus, the proposed algorithm requires
less times for scanning an original database than Borders algorithm and Pre-large
algorithm. As a result, the proposed algorithm has better running time than that of Borders
algorithm and Pre-large algorithm.

Average of Execution time for 100 trials (sec)
min_sup (%) | FUP Borders Pre-Large | Probability-Based
4% 5900.722 7588.617 | 4207.582 2661.803

Table 4: The average execution time for FUP, Borders and Probability-based
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Figure 12: The Average of execution time in FUP, Borders and Probability-based
when min_sup =4%

Secondly, the proposed algorithm with Prob, = 0.06 used to find frequent
itemsets, expected frequent itemsets and association rules from an original database of
20,000 transactions. Then, the same sizes of increment databases, i.e. 10% of the
original database, are added to the original database for 100 trials. For comparison
purpose, FUP, Borders and Pre-large algorithm are also used to find association rules
from the same origindl database and the same increment databases. Table 4 and
figure 12 show the average execution time of FUP, Borders, Pre-large and the
proposed algorithm. The results show that the proposed algorithm has much better
running time than that of the other algorithms.

5 Conclusion

To create an intelligent environment such that new information can be discovered in a
dynamic database, this paper proposes mining a dynamic database using probability-
based incremental association rule discovery algorithm. The proposed algorithm uses the
principle of Bernoulli trials to find expected frequent itemsets. This can reduce a
number of times to scan an original database. Assuming that the minimum support and
confidence do not change, the algorithm can maintain association rules for a dynamic
database. The experiments show that our algorithm has better running time than that of
FUP, Borders and Prelarge algorithm.
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