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2.1.1 9ane3fiu CBA (Classification Based on Association rules) [4]
Y a I~ @ = =Y o
sanesiu CBA ilusanesiudunuuveanaiiamssuwuniszmmdoyalavldng
[ o Je& 9 1 A [ 9 @ v O ]
AnuFuRNIFzdszneulidreaesdiufe dauvesmsadengaNuANRUS 50N
CBA-RG (Classification Based on Association Rules — Rule Generator) ﬁ'mﬁm“lu;sﬂﬁ 2.2
wazaIuYBINTEuuiiasilunsviiueiSeni1 CBA-CB (Classification Based on

Association Rules — Classifier Building) A1t m“lugﬂﬁ 23

F,= {large l-ruleitems};
CAR, = genRules(F));
prCAR, = pruneRules(CAR,);
for (k=2; F,_| #9; k++) do
C, = candidateGen (Fy.,);
for each data case deD do
Cq4 = ruleSubset(Cy, d);
for each candidate ceCy do;
c.condsupCount++;
if d.class = c.class then c.rulesupCount++
end
end
Fi = {c€Cy | c.rulesupCount > minsup};
CARy = genRules(F));
prCAR, = pruneRules(CARy);

N YR W~

— e s — \D
SLRLN=S

.end
.CARs =U, CARk;
. prCARs = UprCARy ;

——
0 ~

=; [ a4
il 2.2 daneTny CBA-RG

R = sort (R);
for each ruler € R in sequence do
temp = O;
for each case deD do
if d satisfies the conditions of r then
store d.id in temp and mark r if it correctly
Classifies d;
7.  if ris marked then
8. insert r at the end of C;
9. delete all the cases with the ids in temp from D;
10 selecting a default class for the current C;
1. compute the total number of errors of C;
12.  end
13. end
14. Find the first rule p in C with the lowest total
number of errors and drop all the rules after p in C;
15. Add the default class associated with p to end of C,
And return C (our classifier).

ERVP RN

51 2.3 dano3 iy CBA-CB
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Female High True Well
Female High False Well
Male Low True Well
Female High True Sick
Male High True Sick

fnuald A1 Minimum support = 25% N’ Minimum confidence = 50%
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Male
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3 Well 1 20%
3 Sick 1 20%
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CARs (1-ruleitem) support confidence
Female — Well 40% 67%
High —  Well 40% 50%
High —  Sick 40% 50%
True — Well 40% 50%
True —  Sick 40% 50%
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CARs (2-ruleitem) support confidence
Female , High — Well 40% 67%
High,True —  Sick 40% 67%
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91581 condset VOINN ruleitem FMSUNINN ruleitem I condset mﬁauﬁu %zﬁmmﬁaﬂ

[]
A

ngANuFuRuSAfimnudeiugsiiqa (highest confidence) 5831 Possible rule(PR) iy
FIUNUNGUYBA ruleitem Tiniio m?uLamﬁ”umsﬁﬂusauﬁﬁﬁwﬁ’qmﬂfuﬁwms prune g
amuduiuiiifimnudeintesniimaudeiuiuding definanmaad 2.7 sty
Idimangarudiniusimanudeiunnnhimaudeiuudnimua
HAANFYPISanDI NN CBA-RG Aaimavsingarwduriuiiyuinaiaaindiey1e

Toyanu lduansnsnised 2.8

{ o @ =] o
m'ﬂﬂﬁ 2.8 NYANUAUNUSULU VAN TANNISAL

CARs support confidence
r, Female — Well 25% 67%
T, High —> Well 25% 50% |
r, High —  Sick 25% 50%
r, |Tue —  Well | 25% 50%
I True —  Sick 25% 50%
I Female , High - —  Well 25% 67%
L, High , True —  Sick 25% 67%
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Male Low True 2 Well
Female High True 2 Sick
Male High True 3 Sick
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. o g’/ ° %’ v o o o
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519 2.8

U

R = {r, 1, 1, , default class = Sick} error= 15%
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kY J v o d a S/ o 4o
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Rule Discovery) [5]
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8anvINU FUP 13K 9138471 1UdIuU04 itemset Aluansadu large itemsets JEY
o y . = ° a 1 @ . 1 4y
HIANUINIAN large itemsets Gumgma’fagamnmmwmmwﬂuﬂu large itemsets I 1o
3| 3/ A ' Y @
flumsaansdumlugudeyaiivIniluduneudaly

Q @ = § o v da T ¥

mavhauuessansifin FUP  iiemsauninganuduiuiiieguunugiuves
o’ a & o ) o ¥ 4 v w ¢
DANBINUDENIDDI Tﬂaﬂxﬁmsam'emmiwmumxﬁammmﬁuwumm%gamﬂ 1-
. <& . o a R dy 9t Y g’/ o v ¥ A [
1temse "llliluﬂﬂ k-itemset ®8NDINY FUP u%z“l%mﬂuuﬁigumummmﬂumwuﬂmuauﬂu
L a &R o ) s a s o ?z’/ .. LY = L) a
DONVINUDTNIDDI LLﬁZE}ﬁﬂi’)iﬁu FUP m"lﬁ'uuawumumi join ﬂlﬂﬁﬂﬁﬂﬂiﬁuﬂﬁ'ﬁ@’ﬂi

¥ A v v @ & . ¥ o 3 v = o 9

wlweai 19 NUFUR LT UBitemset Lmz"1ﬂu1mivmmmamumﬂuﬁ;ﬂﬂaﬂsum
L) a2 = a o & o v y o @ d g/ =% a a
sanesnuezwiensuniiudye Wehldmsdumnganuduiusvesdeyaiitlszantam

1ANIOANDI NUBLNIBD3

Input: DB: the original database (with its size, i.e:, the total number of transaction,
equal to D);
L,: the set of all large k- itemsets in DB, where k=1, ..., t;
db: an increment database (with its size equal to d);
Output: L': The set of all large itemsets in DB U db.
Method: The 1* iteration:/* find L', the set of all large 1-itemsets in DBUdb */
W=L;C= ¢ ;L= ¢ \B§ ¢ ;/* W: winners, C: candidate sets,
L',: initialized,  P: for optimization */
forall T € db do /* scan db */
for all 1-itemset X < T do §{
if X € W then X.supportg*++;
else {
it XgC
then { C=C U {X}; X.supporty = 0;}
X.supprty++;}/*init the support cont and add X into C */
!
for all X € W do /* put winners into L'; */
if X.supportyp > s x(D +d)
then L', =L U {X};
for all X € C do /*prune candidate sets in C*/
if X.supporty <s xd
then { C=C — {X}; P=P U {X};}/* P will be used for optimization */
forall T € DB do /* scan DB */
for all 1-itemset X < T do {
if X € C then X.supportp++;
if X € P then removes X from T; /* Transaction T is reduced */ -
IR
for all X € C do /* put winners into L,” */
if X.supportyp > s x (D +d)
then L'y = L'tV {X}; )
return L';. /* end of the 1% iteration */

g‘ﬂﬁ 2.10 8ane3NY FUP dmium large 1-itemset

91060037y FUP dmSUnsAum large 1- itemset (L) Aauaaslugili 2.10
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M1519N 2.12 AIBYNUDYALAY large itemset YD original dataset

T, A B C
T, A
T A B C
T, A B D
DB T, &
T, A B C
T, A B C
T, C D
Ty B D
T, B D
db T, D
T A B C.D
l-itemset (DB) | support,,
A} 6/9
{B} 6/9
{C} 6/9
{E} 4/9

(n.)

itemset support
{A} 6/9
{B} 6/9
{C} 6/9
{E} 4/9
{A,B} 5/9
{A,C} 4/9
{B,C} 4/9
{A,B,C} 4/9
1-itemset (db) support,,

j‘dﬁ 2.11 1-itemset ¥®4 original dataset (f.) LA 1-itemset YD increment dataset (¥.)

large 1-itemset support
{A} 7/12
{B} 8/12
{C} 7/12
{D} 6/12
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The k-th iteration:
/*for k =2 or larger, repeat this program fragment to find L'x.
the set of all large k-itemsets in the updated database, until either L'
returned is empty or db =¢ */
W=L; L' = ¢; /*W: winners; Ly": initialized */
C =apriori_genl(L’y.) - L
/* the size-k candidate sets */
for all k-itemset X € W do /* prune off losers in W */
for all (k-1)-itemset Y € Ly.;— L'k do
if Y € X then { W =W — {X}; break;}
forall T € dbdo { /* scan db */
for all X e Subset(W,T) do X.supportgt++;
/* Subset(W,T) returns all the sets in W contained in T*/
for all X € Subset(C,T) do X.supportg++; /* find support of all X € C */
Reduce db (T);
/* Some items in transactions in db can be removed, discussed in next
section */
y
forall X € W do /* put the winners from W into L'y */
if X.supportyp > s x (D+d)
then L'y = L% U{X};
for all X € C do /* prune candidate sets in C*/
if X.supportg <s x d then C=C - {X};
forall T € DB do { /* scan DB */
for all X € Subset(C,T) do X.supportpt++
Reduce DB(T); }
/* Some items in transactions in DB can be removed, discussed in next
section */
forall X € Cdo
if X.supportyp > sx (D +d)
then L'y = L'y U {X};
return Ly'. /* the end of the k-th iteration */

d' @ o A 2] [ Z, ' . é’
5111 2.13 Sane3iiu FUP dmiuniAsue large 2-itemset U1 11
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2/3

L; support,,
{A,B} 5/9
{A,C} 4/9
{A,D} 173 {B,C} 4/9
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2-itemset support,,
{A,B} 6/12
{AC} 5/12
{B.C} 5/12
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(L= L')-L, support,, (L'y» L") =L, | supporty,
{A,D} 1/3 {B,D} 4/12
{B,D} 2/3
{C,D} 173

gt 2.16 Lyw 1y A liduaandn lut,

large 2-itemset (L',) support,,
{A,B} 6/12
{A,C} 5/12
{B,C} 5/12

31]‘?1 2.17 large 2-itemset Y93 updated training data
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large itemset (L") support,,

{A} 7/12

{B} 8/12

{C} 7/12

{D} 6/12

{A,B} 6/12
{AC} 5/12
{B,C} 512
{A,B,C} 5/12

v v
gﬂﬁ 2.18 large itemset NSUUAYDY updated training data (L)
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Y ) 9

§ o v o d ' s/
desnnidoyaiurhuniugudoya () ldnrmduiutsznindeyaiims

e

Wisuulasfaiy 110 1dna1n13ud luuniiz 91 masuuniszinndeyalasldng
o o d g’/ o o @ @ : =t v
anudaniuii Sumsatuvuasnnganuduiusuuuiinaie agdosdinmsuie
g ' ' o [y s 1 & . 1 d‘ Yo (Y
Foyneoniluaedau duusadmiuaeuszuy Sond training data azdaud 2 1dmiy
° o 2 ~t ' 4 a 9 o 9
NAAULUUTIABIRA 19T UIBEN testing - data  tiipTmsifinverevesdoya wiirlv
. . ! o = 1 v & o & = £y 9 kY
training data /R 11 upu$iaesi Idenay igndes Auiuvsiulufazdesiinisauning
v o d = -&‘ ' 4 v w & ° y '
anudunusuuuiiaaavuinlnd e ldnganuduiuiuazuyuiinsignaseogiaus
o o aw dy Y o [ o Y a AR Y Iq Y ? Y 3
e idhmdnmshauvessanei iy FUP [sTidhwszgnalimsluduneunis
</ o o gll o % Y as a KR
Fumngaimduiusunztuasumsairausiaes Findnnisveadaneiiin FUP il
v 9y 3/ ] o Y a et v 9 o
yajamneaamsaumiugudeyavinalnguazihnnuiiduniiegunldls: lomigega
@ o @ a 1o [y o a g
Bivldhauesaneifulmidmiumssuundssinndeyauuuiinvoalaling

Y v Jda 1 s a . . e
ANUTUNWUSD 158NN danasny ICBA (Incremental Classification Based on Association Rules)

2 o R 1 o o3| U o &
"lf\‘i@aﬂﬂﬁﬂNﬂgllﬂ\‘lﬂ15ﬂ1ﬁ1uﬂ@ﬂlﬂuﬁﬂ\1ﬁ'}u@wu
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o

1 ) ¢ o o A =y [}
® muveIN1sasngaNuFuNUS MUy auULIMLYe1Y 59A91 Incremental
Classification Based on Association Rules — Rule Generator (ICBA-RG)
e  muvemsaiwuuiiaosdmiudoyauu LYY 5807 Incremental
Classification Based on Association Rule — Classifier Building (ICBA-CB)
3.1.1 9ane3Ny ICBA-RG
a [ a f 9/ LY ) a a 3 1 Yy ¥ =
UUIRAUBIDANDT TN ICBA-RG AR0AUSana3 Ny CBA-RG N1dna1d 1 iudrluuni
1 d‘ v o A s a4 o o Y a R Y gq ¥V
2 dIURLANA1AUAD Sanss iy ICBA-RG 121 mann15vee0anasnu FUP i unlssyna b
UITINAY
§ o 1 @ 1 . Y oA
ANTTUNY training data L‘ﬁammimmﬁuuﬂgumm;maz ruleitem Y9IVANDINY
ICBA-RG 32UANANAUSANDS 71 CBA-RG (109910080831 CBA-RG 323 A15aILAU
NANTIUUEATU Y training data tRevmsmmeivayulaslianlvanudmuniiog lumn
o £ & v 3 o Ay g & o q Yq ¥ a oo '
wiimaminvuvsstoyaiiudiuaumnnyiedesnaudaazi i ldnannanuanuduiu ua
) P
dmfudanes iy ICBA-RG wzaasiuuaTalumsaunuasalontshnui@ui ldan

training data 1A 141 1RiRRY sz Tomigaga dane3iiu ICBA-RG uaadagui 3.1

1 C' =large l-ruleitem in db

2 foreachX €C'| do

3 if XeC' and X€F,; do

4 scan db to update X.supportyp then

5 if X.supportyp = s X (D+d) do

6 insert X at theend of L',

7 else \

8 if X.supporty = (s X d) do

9 scan UD to update X.supportyp then
10 if X.supportyp = s X (D+d) do
11 insert X at theend of L'
12 end

13 for (k=2; Ly | # @; k++) do

14 C'v=(L'%1® L) =L

15 foreach X e C', do

16 if XeC'y and X€C; do

17 scan db to update X.supportyp then

18 if X.supportyp =s X (D+d) do

19 insert X at the end of L'

20 else

21 if X.supporty=> (s xd) do

22 scan UD to update X.supportyp then
23 if X.supportyp = s X (D+d) do
24 insert X at the end of L'y
25 end

26 CARs'= pruneRule(L")

5171 3.1 dane3fiu ICBARG
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1ngilfl 3.1 AunsaeTieTuABMSTLYeISaNe3 Ty ICBA-RG éwd
- ¥msfum - ruleitem wavualugudeyaln udnh hlasaeuiiiumnineg

Tu large 1-ruleitem (L) Y91 training data Wunselu &1 ruleitem 1%14‘"] X) L?Juﬁnﬁfﬂﬂlﬂd large
I-ruleitem 14 training data 18n3zyiIMsUsuammivayulvilashamivayuved ruleitem
1u91 training data AutasmeniueuAif 1199910 training data A lnsinsauiu Tas §1
X.support,; = s X (D+d) UA3 ruleitem fmﬂzgﬂﬁ A7 “winner” LADT X.support,, < s X
(D+d) ruleitem Y9z gnENT1 “loser” 108 ruleitem AU winner sz hi147 L, uoz
ruleitem ﬁndJu loser 3¢ A prune ‘ﬁ’\i 11) u@e ruleitem &u"lmﬂuﬁm%ﬂﬂlu large 1-ruleitem U®J
training  data 1A% A3 IdeUAMTLAYUYE ruleitem  uArliA NN IR LAY
ﬂﬁumgmﬁy”uﬁwm training data TunTnunSeld (Xsupport,, = s x d ) A aiuAyLYe
ruleitem ﬁuﬁ@hﬁeﬂﬂdwﬁmﬁumuaﬁ:uﬁwm training data ﬁLﬁu‘lﬁﬂjﬁlzqijﬁ1 ruleitem &u'lﬂ
#9130190 UASIMEATUAYUVDS ruleitem mﬂﬂ'hﬁmﬁumgm%uﬁwm training data Tty
Tnil danes fusgyhmsdSumaiveyuyes rlite, A3emMsthamaiuayuYe ruleitem i
910 training data IANUAZATETUAYUTIEILIUN training data Fwwu IMmaiing i o
UsumamivayuioudouidineRnsaeniuayuyes aining data N3 ge3GiAnandy
ieuhiumainayusug el mnmmTuayLvet uleitem wudAwnaniouiiy
fimﬁuauuﬂ%us:h Xsupport,;, = s x (D+d) ruleitem ﬁ,’u%gﬂﬁﬂﬂ’h “winner” LAGT
X.support; < s X (D+d) ruleitem ﬁ'ngﬂﬁ 8171 “loser” 1a® ruleitem ‘ﬁﬁJu winner 32§
T USUTHR L, 182 ruleitem M loser 929 prune 7e] musouansdandre 1aeil
inuald

DB = training data 1A

db = training data ﬁzﬁu“lmj |

UD = training data it/§11/331& (DB-+db)

d = Sruaumsnuusaduly training data i lng

D= ii’m'mmmmﬂ%"u“lu training data o

5= fhaﬁnaum‘i”’uss"h (20%)

¢ = fharmiderusiusi (50%)

CARs = AgAMMduWuSULLTAR18Y04 training data 1Y

CARs' = AgANUFURLTUUUTIAMAYDA training data filfule

X = ruleitem

X.support, = Maiuayuves lemuira X 1 training data Fedialmd

X.support,, = Aaiueyuves lomuisa X 1y training data 1Tv1l59
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Sex Cholesterol Blood sugar < Vessel color Status
(250) 120 number

Male High False | Sick
Male Low True 3 Well
Female Low False 3 Sick
Female High True 2 Well
Female High False 3 Well
Male Low True 1 Sick
Female Low False 3 Sick
DB Female High True 3 Well
Male Low False 1 Few
Female Low True i Well
Male High True 3 Sick
Male Low True 1 Well
Male Low False 2 Well
Female Low False 2 Few
Male Low False 3 Sick
Female High True 3 Well
Female High False 1 Well
db Male Low True 2 Well
Female High True 2 Sick
Male High True 3 Sick
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1 —itemset (DB) support | — itemset (db) support
Male Well 3 Male Well 1
Male Sick 4 Male Sick 1

Female Well 4 Female Well 2
High Well 3 Female Sick I
Low Well 4 High Well 2
Low Sick 4 High Sick 2
True Well 5 Low Well 1
False Sick 4 True Well 2

3 Well 3 True Sick 2

3 Sick 4 False Well 1

(n.) 1 Well 1
2 Well 1
2 Sick 1
3 Well 1
3 Sick 1
(v.)

gﬂﬁ 3.2 large 1-ruleitem (L,) Y9 training data RGN

1-ruleitem U®4 training data iy v (1)

ninglit 3.2 msFeudonlditui § 1-ruteitem wlatheiiduaunued large
1-ruleitem 11 training data wu et large 1-ruleitem (L)) Mﬁﬁ‘UfT’U 1-ruleitem U84 training
data Tiu Tl IqHadWERegUA 33 Ainwangilit 3.3 Sanesfwezimsdumaivayuves
1-ruleitem 1¥iilusaiuayuvey training data Y5u1lye Tagazalfulyans 1-ruleitem Hi191n
training data 1A% 1482 1-ruleitem YD training data At lng ndeniuezinsingm
MATUAYUYDWARE ruleitem Srsmmfuayutudi idsmua 1ol wazdmiy 1-
ruleitem #7113/ 1813 uas15v0e large l-ruleitem (W training data 1AY 92ABIATIVABUA
afuayuly training data Tnsifidud e 1-ruleitem vuAeuSaumaiuayu Taow
Yiuafuayumame -ruleitem AfAaniuayuli taining data fmulndinanvieniiy

L ¥ 5 &
AMAUUTYUIUAUNTUU
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1 — ruleitem support,; | support, | — ruleitem support,, | support,, |
Male | Well 3 4 Female | Sick 1 3
Male | Sick 4 5 High Sick 2 4

Female | Well 4 6 True Sick 2 4
High | Well 3 5 False Well 1 3
Low | Well 4 5 I Well l 3
Low Sick 4 4 2 Well | 3
True | Well 5 7 2 Sick 1 1

False | Sick 4 4 (2.)

3 Well 3 4 |

3 Sick 4 5

(n.)
‘ljﬁ 3.3 1-ruleitem ‘I/IL‘l_lu’cTﬂJWﬂﬂlEN large 1-ruleitem 1u training data 1AW (A.) QAL

I- ruleitem 7 JiflueanFnv0d large 1-ruleitern 14 training data @3 (¥.)

130N 3.3 WUIMA  L-ruleitem @M35Y  training  data WL InAATA @D aUEIUm

¥ ) 1
aduayuvumnivua 13 sanesfinezihmsdiumeivayula 1-ruleitem 1067

1 — ruleitem support;;,
Male Well 4
Male Sick 5

Female Well 6
High Well S
High Sick 4
Low Well 5
Low Sick 4
True Well 7
True Sick 4
False Sick 4

3 Well 4
3 Sick 5

ﬂﬁ 3.4 1-ruleitem ‘nﬂmmﬁummuummﬂuﬂ
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fmuald s x (D+d) =02 x (15+5) =4
A [~ ' . a0 o & o g . 2
il'lﬂ;a:ﬂ‘ﬂ 3.4 9IMUI N9 1-ruleitem NA1 support = s X (D+d) muunﬂmmu winner 94
[} g Yt v o =] o o o q/ .. a4
‘Ll1ll‘ljlﬂ‘1jvl’l‘ﬂ L', UagnganuaunusiuuuAaaseaun 1 @1U U training data YUWU VLY

werRInagUi 3.5

id (CARS") confidence
r, | Male —>  Sick 50%
r, |Female —> Well 60%
r, | High —> Well 55%
r', | True —> Well 63%
'3 —>  sick 55%

4 v o d = o o Qs . i 2
g‘ljﬁ 3.5 NYANUAUNUTHLVUNATIEAUN 1 N3 training data sWNUEY

¥ v @ & o [ $ @
TuduaounsadeaganuFuius Snsuyna ruleitem AT condset iviiauu 1g@onNYS
= o o daa 4 & '
Ao TagazimonngauduRUsRTAIA AN UTIGA 131
o by
Myualy
1. Male High —> Well a182u@auvIng 30%

2. Male High —> Sick MANUFBUUIMAL 70%

[
A )

@ a ° o 4 [ ~ ' @ @
ganosnuazhimsidenng i 2 illesninlimanudedugend) uaznANUEUIUE laniian
A 4w t o D) & ¥, 1 ° 9/ 9/ o
et uesnNmanudeuTudieg ligoih I lglumsaiuuiians
4 [~1 1 Y] o - T 4 @ g’l :: Qs g
1031l 3.6 smmiuhingauduius laikuannudelutudmang Auiuszgn
i lilddmsumsadauuudiiansas 'l
a’l 1 o . ) - s a R &
- quaoude lW¥Msy candidate 2- ruleitem lagviuvilounusane3iu CBA Hufo
° . « . @ ) [ . . Yt = @ @ W Y
1 ruleitem Tu L', ¥1join AW (L' L) @1MIUNT join g lEmaReInunusanaIny
o da a 4 o v Ja . = 1
CBA -RG l&€nadnidsg i 3.7 () smiubmadnifld ey L, oen 9218 2-ruleitem #1 1

o a a 1Y { L . a
HuainFnlu 2-ruleitem ¥4 training data 1AY HErAIALFUN 3.7 (1.) AUUINMITHIITUIAT

[
o

{ 3 ! v J Qv ' -3 g‘l
afUayuYe 2-ruleitem 14 training data i Inal NAMIAATIMIBIRUA DAY UTUA

B

[ ] v ) 2‘, 1 ar a ° ) 1 w . g’l
3ol mamumaivayudusde sanestuszhmsuSumeivayuld 2-ruleitem e 1ilo
= 1 @ .. s (o Y A [ o v o b4
Alusmeiuayuues taining data NUFVYgua Wedfumaiveayuuad iimsaum

. = o . A . aa o o oA Y o
2-ruleitem MU winner A 2-ruleitern AUATUVAPUTAMIAANNHITONINY s X (D+d) UAMN

2-ruleitem 13)14 winner Tifu 13 L,



Large 2-ruleitem (L,)

Female , Low Well
Female , High Well
Female , True Well
Low , True Well
Low , False Sick
Low, 3 Sick
False , 3 Sick

(L', &L')
Male , High Well
Male , Low Well
Male , True Well
Male , 3 Well
Male , High Sick
Male , Low Sick
Male , True Sick
Male , False Sick
Male , 3 Sick
Female , High Well
Female , Low Well
Female , True Well
Female , 3 Well
High , True Well
High,3 Well
High , True Sick
High , False Sick
High , 3 Sick
Low , True Well
Low,3 Well
Low , True Sick
Low , False Sick
Low,3 Sick
True, 3 Well
True, 3 Sick

(n.)

gil‘ﬁ 3.6 HAANEUDY L'l@ L', (n.) uag large 2-ruleitem (L,) YD training data 1A (1)

30

%’, a a 4 o . P v < . 3/
AUUWSUINIU L, — L', (WoAA ruleitem N la sty large ruleitem 4
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Mvualy L, = { (High Well), (False ,Well), (3, Well) }

L, = {(High, False, Well) , (False, 3, Well)}

L', = {(High ,Well) , (False , Well) , (True,Sick)}
WU (High Well) uaz (False, Well) aafitfumndnlu L, fifioa G . well) 7 il
anFnlu L, Sniuzda rleiem 10 L, Ailduaa (3, well) oon ma1z igunsaiu large-
2ruleitem 1§ v L, fasihuniinsamdeiios L, = (High, False, Wel) ipynaea
ruleitem TRFUABINTanAd) Sane3iuazh L, fimde lhlsummivayu Tavezims
AN training data iz niniy sndretraszwui L, - Ly, Snuiiduee

' o ¥ @ ° w @ ¥ o day ¥ =
F1a fi 2-ruleitem nadalu L, sxgain lihlfumamivayusianua naansi lduaaslugii

=1

4 @ 1 o ° 1 o . . a
37:fiouSumaiveyuuda vnisfunt 2-ruleiem  MiJu winner 719 2-ruleitem MM
@ J U [ o A A g . < ~ ¢
amfuayuiAAN I amMAAY s x (D+d) wd21i 2-ruleitem il winner Ty 137 L,
o)

2 — ruleitem

h
Low , False Sick 3 3
Low,3 Sick 3 3
False , 3 Sick 3 3

§‘l]ﬁ 3.7 large 2-ruleitem (L, ) Y91 training data TG R T TaY!

large 2 —ruleitem (L', ) | support,,
Male Well 4
Male Sick 5
Female Well 6
High Well 5

4 a A o @ ' o v
gﬂﬁ 3.8 large 2-ruleitem (L, ) YD1 training data 1A} wmmsﬂinmﬁuuaquum
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103UN 3.7 iU 2ruleitem Agnusia Tareduayuunammivesyuy

' . o d - P ¢ y @ =
oA “winner” uasih lUinu130 L, ae 'l L, anueauansdegd 3.8

4 [ o o = Qs
7U7 3.9 nganuduiutuvulinataszay

id (CARs") confidence
r Male , Low —> Well 50%
r', | Female, High —> Well 60%
ry | Female, True —2> Well 55%
ry |Low,True  —> Well 63%

]
=

s
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¥ [
%

VU1 939N

1 2 M3V training data IWNUEY

g v @ d ‘o 1 = o @ w d v
Turumsunisadungarmduiufegiurufennunganuduiusszaui | e

) Qs . o @ = a o da
dMTUNN ruleitem A condset smiVpUNY TRBNNBINGRAED TagaziRonngANUTUNUTN

ot q & " 2 v W dg Aa qy & v 4 &
AMANUFINUGITAIILY tazngaNuFURLS lanfimanudeiuieoniainnuieiu

g‘/ L t ' LY 9 o s v o =Y z’z’; @
Yue1ez lugni I I Tunsadramnsiase nganwdiufuuulinmenanus uaasdsgii

3.10

519 3

id (CARs") confidence
r', | Male >V Sick 50%
r, |Female —>  Well 60%
r', | High - Well 55%
r, | True =55 Well 63%
v |3 —>  Sick 55%
rs | Male,Low —> Well 57%
r, Female , High —> Well 83%
ry; | Female,True —> Well 80%
r, | Low, True —> Well 100%

D.

10 aganuduiusuuulinanaynsedy d15Y training data WNYY1Y
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Y Y- ] ?:’ 4 o
90n83NY [CBA-RG  12M1A15IUT0UH T MBYINISAUNT  large ruleitem LAZAY

v w ) [ t ] ) @ @ =
anuFuRusuuulanalugnszau sundeg lawsent s uasthaganuduiusuuud

A lugnszaunswiudnih llafauuusiasslaslfeanesiu IcBA-CB

3.1.2 9an83914 ICBA-CB

o o v Ay v 2 v v o A
lﬂufni‘l«nWﬁﬁWﬁWllﬂ"l]']ﬂsll‘l‘mﬂuslla\‘iﬂ'lﬁﬂuﬁ']ﬂé]ﬂ']'lllﬂnwuﬁ ABDLTAUDING

v o a < o ° o
anufuiusuuylinamavesdoyamuviy (CARs) uasruiusuudasslumsiue aw

8ane3iy ICBA-CB uaaIisgil 3.1

1
2
3
4
5
6
7
8

9

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25

26

CARs' = sort (CARs")
for each rule r' € CARs' in sequence do

if '€ CARs then
for each case x in db do
if x satisfies the condition of ' do
store x.id intemp and mark r' if it correctly classifies x;
if r'is marked then
insert r'at the end of C'
delete all the cases with the ids in temp from db;
selecting a default class for the current C'
compute the total number of errors of C'
end
else
if r' & CARs then
for each case x in UD do
if x satisfies the condition of r' do
store x.id intemp and mark r'ifit correctly classifies x;
if r'is marked then
insert r'at the end of C'
delete all the cases with the ids in temp from UD;
selecting a default class for the current C'
compute the total number of errors of C'
end
end
Find the first rule p'in C' with the lowest total number of errors and drop
all the rule after p' in C'
Add the default class associated with p'toend of C'and return C'

s 3.1 danesiiu ICBA-CB dmiuaduuuuiiaes

o (Y a AR o < 2 Yo dy
MINNIUUBIGaNes Al ICBA-CB munsaeTinudiuduaeu lasade 1l

o LY o o o Sy a @ d
nsidesdndvesnganuduiusuuninmalu cARs Tagfidt lunswinrsandnd

o w o dy
VRNNHANUAUNUDIAIU
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o d ' < 4
r > (r Aifndgandn ) Tanseiie

Y

' A 3 ' =t
AMANVYONU (confidence) YD r NINAA T H5D

AN NUFONY (confidence) AL uAMETUAYY (support) r 1A T 3D

b4 L .
‘mﬂm'mw%3Ju(conﬁdence)uazmﬁuumgu(support)mmuam T, gﬂﬁ%'nmﬂau I

v d a @ @ v a d'
nadwivesnsTeIngaduRutmuAnduasng taasdagUd 3.12

id (CARs") confidence

Low , True —> Well 100%

r Female , High —> Well 83%

r Female , True —> Well 80%

y True <X Well 63%

Female @—> Well 60%

r' Male , Low —> Well 57%

¢, |High  —> = Wwell 55%
Yy |3 —>  Sick 55%
r Male SV Sick 50%

A o ¢ g

4 v @ o ) o o
711 3.2 nganuduriusuuuiinaavesdeyaminyes (CARs) AinsEoerndudn

St w & o

v o J A 3 5 o o
- ennganuduiuiiendauuTines Fzidenngaruduiusilidndgaigea
' ¥ o v w ° v @ o as
Aeau NnUNIznswglaganuduiug Tagvsihinganuduiut ¢, linadeunung
¥ o d . . = ' Y o
ANUTUAUTUUDTAATAYON training  data 1AW (CARs) fou 81r, € CARs 1r1ing
[ Y
anuduius linaseufudideyaludiuues training data Midvulvsiiniu uad1 v, & CARs
] @ o [V .Y 1 i A jo Yy & =
Tihinganuduius llnaaeududideyaludiuues training data N5vU3e0d7 Favzdl
act & a v o o &Y o . a 9 b4 y
WMINATOUAL WU AANNFUAUTUUAINITAT095Y (Satisfy) A2TBYyaNIIA UG 1Y
t v w Jdao 9
(condset) #AZNWAMUYI (class) W3 e lai Tﬂﬂilxﬁ'mmgﬂngmmﬁmvmnmamnmmm
X & A o & 3y o @ o o =3 Yt [
urRsy Wevhmsuglasunnnsuusasuuds sgidinganuduius lnol39 ¢ vdsn
4 4 d' (-1 73 g’ Q
UUMNITNI default class 1o ldvielddudoyan lufinglaqsesiuldine wiounsihnis
v I's 4 a 9/ o a g = v o Y lllyg.’/ s/
mandeimuaanuianatad e uazdimiudeyaninganuduiusawisasesiuldnsde

uazyuds oz Ligabhuniasanluseuasly



w0013 Tumsyhaeunganuduniug v, dudeya

a v o d 9 @ 5 =
13190 3.2 ﬂfd]ﬂ?']llﬂilwu‘ﬁll‘l]u;lﬂa']ﬁﬁ'lﬁ5°U training data 1A (CARs)

—

id Class association rule (CARs) confidence
r, Male s Sick 50%

r, |Female —> Well 57%

r, | High —> Well 60%

r, | True —>  Well 1%

Iy False —> Sick 50%

T,

50%

Male , Low

&

% Female, True —>  Well 100%
r, /|Low, True —>  Well 75%
ro | Lows False Z2 > /Siek 50%
r, 4Low,3 TN Jikk 75%
f, False , 3 —> Sick 75%
r, = Low , Falsg;3 =2/ SKkk 100%

a ~ =4 ' o a v o 3
s roeemiun r, dlumndnlu CARs @ AsueTiimanadeuny
v w d @ A Y o
ANUFUWUT ¢, AUFIM training data AL THIINIY

@15197 3.3 training data N Inal

.

e X

S

Male Low Well
Female High True 2 Sick
Male High True 3 Sick

o ~ U = v o J @ 2
Ny nduinsuduinganudiutaunsasesiudeyaldna
b A oy @ v o J &Ly ) o P { Ill
Fowazyn tiohdeyalinaceudunganudniug ¢, Fedeyana 2 naunsasuiig lign
° a = [ a ° U a s @ o [
Wldfinsadn sanesiusziimsugliunieszinsannganuduiuiasuyangrio i

sy - ya v
wagamaeinwmsmmm
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v [l
w

t A ' P-4 a a A

msaugdlunangseizdesinsanduilediuannurana1nale nasInLns Y

@ o o @ [} ' Jd 3 o a A é’ A
agauduinfidn 1dlu ¢ + desszdaldIfaudesdudnnuianaraiiviiu winmud 1y

Y o q Yt s o a 4 X s v o 7% o

udahldandesisudnnuAanaramuiu feg limuaganuduiusduad 1ulu c ruas

o W a2 <1 @ o . = 9 o
THYATIINITIUTBUNUN &3 C ' HunadwivewuuT 1004 (classifier) Moz 15 lunsviung

1Y Yo = v 1 v ° YY) T ° g o Y =t
doya ldnudoyait linswnquesli dmsudredsuuuiaesnldlumshuenaadsgli

R’={r,r,r’,, default class = Sick} error=15%

51 3.13 Medruuuiiassdmiudeyauuumuaeiy
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mmﬂamamzﬁaﬂﬂ:ﬁwamimmm

dy 1 2 w 3 4
unilsznanieinglszasnvenisneans, gadeyanldlunmsnanes, msneaes, wo
msnanpuazajlnanmInaass  lumsmageullszininmussdanesindmiumsduun
kY a v @
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Incremental Classification Based on Association Rules
Algorithm (ICBA)

S. Tanarat', and W. Kreesuradej’
'Information Technology, King Mongkut’s Institiute of Technology Ladkrabang, Bangkok, Thailand
*Information Technology, King Mongkut’s Institiute of Technology Ladkrabang, Bangkok, Thailand

Abstract - In this study, an incremental updating technique is
applied to associative classification for constructing
classification system when a new training datasel is appended
o an old training dataset. The proposed algorithm, called
Incremental  Classification Based on Association Rules
(ICBA). ICBA has 2 phases which are rule generator phase
(ICBA-RG) and classifier building phase (ICBA-CB). In order
10 reduce the execution time, we applied the concept of Fast
Update algorithm (FUP) algorithm to both phases of our
algorithm. The experiment results show that the proposed
algorithm has execution time better than CBA algorithm.

Keywords:  Incremental  Associative  Classification,
Associative Classification, Class Association Rule.

1 Introduction

Associative Classification [3] is a framework that
integrates classification and association rule mining [1,2]. The
igoal of associative classification is to build a model that uses
association rules for classification to predict future data
objects for which the class label is unknown.

Model Construction generally consists of two major
phases: rule generation and classifier building. Firstly, the rule
generation is discovering the set of class association rules
(CARs) which satisfy the user specified constraints denoted
respectively by minimum support and minimum confidence
thresholds. Secondly, a classifier is built by choosing a subset
of the generated class association rules (CARs). Many studies
have shown that Associative Classification is often more
accurate than do traditional classification techniques.

When a new training dataset is appended to an old
wraining dataset, the classifier that uses association rules may
aeed to be changed in order to reflect any change in the new
training dataset. As a brute force technique to deal with this
situation, both old training dataset and a new training dataset
are merged into an updated training dataset. Then, the model
sonstruction process starts building a classifier based on the
apdated training dataset. This brute force technique is time
consuming and inefficiency.

Therefore, a new algorithm, called Incremental
Classification Based on Association Rules (ICBA) algorithm,
is proposed. The objective of this algorithm is to solve these
problems more efficiently. As a result, the proposed algorithm
has faster execution time faster than that of the previous
algorithm.

2 Related Work

2.1 Associative Classification (AC)

Associative Classification is considered as a new
approach for classification. The framework of associative
classification is integration of classification and association
rule mining. The first associative classification algorithm is
called Classification Based on Association Rules (CBA)
[3]. The algorithm has two major phases:

e CBA — Rule Generator (CBA-RG)
s CBA - Classifter Building (CBA-CB).

CBA-RG algorithm generates a complete set of class
association rules (CARs) that satisfy the minimum support
and minimum confidence thresholds. To generate the set of
class association, CBA-RG algorithm finds all large ruleitem
by making multiple pass over data similar to Apiori
algorithm. Ruleitems are large ruleitem if their supports are
greater than or equal to minimum support. For all ruleitems
with the same condset, the ruleitem that have the highest
confidence is chosen as possible rule. The result of this step is
the set of CARs.

CBA-CB algorithm sorts the set of CARs according to
the precedence relation (>). The rule ranking is defined as
follows:

Given two rule ry and 1. r; > rj (r; has higher precedence over
r;), if one of the following holds good:

1. The confidence of r; is greater than that of r;
2. Their confidence are the same but support of r; is
greater than that of r;
3. Both confidences and supports of r; and rj are the
same, but r; is generated before r;
After rule ranking, each training instance is covered by a
rule having the highest precedence among the rules that can



over the case. The rule that do not cover any training
nstances are removed. Then, training instances that do not
all into any of the observed classed are added to a default
lass. Finally, rules that do not improve the accuracy of the
lassifier are discarded. The remaining rules and the default
lass of the last rule are formed as associative classifier.

2.2 An Incremental Updating Technique

When new transactions are added to the database shown
n figure 1, association rules may be changed. For dynamic
jatabases, several incremental updating techniques have been
leveloped for mining association rule. An Incremental
Jpdating Technique [5,6] is proposed for dynamic database
vhich new transactions are appended.

The concept of incremental updating technique is to reuse
arge itemset of previous mining to obtain the update large
temset of an incremental database. Fast Update algorithm
FUP) was first introduced in [4]. The algorithm handles
jatabase with transactions insertion only. An efficient
algorithm FUP is presented for computing the Targe itemset in
the updated database. It is shown that the information from the
old large itemset can be reused.

Fig. 1. Incremental Database

3 Incremental Classification Based on
Association Rule Algorithm

When a new training dataset is appended to an old training
dataset, an associative classifier may need to be changed in
order to reflect any change in the new training dataset.
However, when the training dataset changed, the existed
Associative Classification algorithm always scans the changed
raining dataset in order to reflect the changes done. So far,
‘there are rarely researches on the incremental learning of
associative classification but there had been some studies on
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incremental association rule discovery algorithms that we can
use their ideas for reference to solve the incremental
associative classification problem. We propose an efficient
incremental  associative classification algorithm, a new
algorithm is proposed to update an associative classifier when
a new training dataset is appended to an old training dataset.
The algorithm called Incremental Classification Based on
Association Rules (ICBA) algorithm [8], is based on the
concept of FUP algorithm to solve this problem.

The algorithm is divided into two parts. As the first part,
ICBA-RG algorithm shown in figure 2 discovers the set of
class association rule (CARs') in updated training datasets.
Then, the second part is building a classifier for an updated
training datasets. The algorithm for the second part shown in
figure 3 is called ICBA-CB algorithm.

According to Figure 2, the steps of rule generation part are
outlined ‘as tollows. An incremental training dataset (t) is
scanned to determine large I-ruleitem of an updated training
dataset (UT) shown-at line 1-16. If a candidate 1-ruleitem is a
member of previous large 1-ruleitem, its support is updated.
On the other hand, if a candidate |-ruleitem is not a member
of old large I-ruleitemset; our algorithm checks the support of
the ruleitem in-an incremental training datasets (t). If the
support of the ruleitem in an incremental training datasets is
equal or above minimum  support of incremental training
datasets i.c.. support > (sxd) when s is minimum support and
d is size of incremental training dataset, then the algorithm
scans original training datasets (T) to update support count of
ruleitem (X-supportyr). In this paper, we called ruleitem which
its support is greater than minimum support “winner” and
ruleitem which  its support is lower than minimum support
“loser”. As shown at line 17-33, the large k-ruleitems of
updated- training datasets are determined when k is greater
than or equal to 2. Candidate k-ruleitems are generated by
applying candidateGen function shown in'line 18, this function
is joining step similar to Apriori._algorithm (see this function
details in [2]). At k-th iteration, loserin'L will be filtered out
ina scan of t. The filtering is done by two steps. Firstly , a
large k- ruleitems in Ly containing the ruleitem that cannot be
the ' winner in the k-th iteration will be filtered out by
ruleSubset function shown in line 19.

And the second , ICBA-RG filtered out loser in Ly without
checking it against t. The set of losers Y= Ly - L have been
identified in line 21. Therefore, any sets of X € Ly, which
have subset Y such that Ye Ly - Ly.;, cannot be large ruleitem
and are filtered out from Ly. Then, if a ruleitem is a member
of L, and its support is equal or above sx(D+d) it becomes
large k-itemset of update training datasets (L'y). On the other
hand, if a ruleitem is a member of C'y and its support less
than sxd. the item will be removed from candidate k-ruleitem.
If the support of ruleitem is equal or above (sx (D+d), the
ruleitem is inserted into L'y which will be generated to class
association rules (CARs) by genRule function(3.] at line 14
and 32. Finally, pruneRule function shown at line 15 and 33 is
prune CARs by minimum confidence same as Apriori



igorithm. All rules in CARs' which have their confidence less
han minimum confidence ICBA-RG will be filter out.

Input : UT = The updated training datasets
= The original training datasets with the total number of

transactions, equal to D.

t = The incremental training datasets with the total of
number transaction equal to d.

L' = The set of large-ruleitems in UT

W =L, (large 1-ruleitem of T)

s = minimum support

Output : CARs' = The set of class association rules of updated
training datasets.

1. forall X €tdo

2 if XeWdo

3 scan t to update X.supportyr then

4 if X.supportyr>s x (D +d) do
5. if X.supportyr>s x (D +d) do
6 insert X at theend of L',

7

8

else
if X¢& W do
9. forall X € W do
10. if X.supportyr >(s x d) do
1l scan UT to update X .supportyr then
12. if X.supportyr>s (D +d) do
13 insert X at the end of L'y

14. CARs| =genRules(L';)

15. prCARs' = pruncRules(CARs:}
16. end

17. for (k=2; Ly #@; k++) do

18.  C'x = candidateGen (L'«.) - L«
19.  C's =ruleSubset (C')

20. for all k-1 ruleitem in C's do

21. Y=L -L'y; do

22. if Y € X then W=W-{X}
23, forall X € C's do

24, if X.supportyr>s x(T+1) do

25. scan UT to update X.supportyr then
26. insert X at the end of L'

27. for X € Wdo

28. scan UT to update X.supportyr then
29. if X.supportyp>s x (T +t) do
30. insert X at the end of L'k
31. end

32. CARs'x=genRules(L'y)
33. prCARSs'x = pruncRules(CARSs'y)
34, end

Fig. 2 ICBA-RG algorithm

For the last phase, ICBA-CB algorithm shown in figure 3
Ibuilds a classifier using CARs'. In this phase, in order to
reduce the execution time we try to scan transactions of
iraining datasets as less as we can.

ICBA-CB has three steps to build the classifier. The first
step which is at line | is sorting the set of CARs' according to
the relation “>".

Then, the second step at line 2-24 is selecting rules for
classifier following the sorted sequence. For each rule which
is member of CARs, we go through t to find those cases
covered by the rule. If selected rules are not member of

93

CARs, our algorithm goes through UT to find those covered
case instead. We mark selected rules if they correctly classify
a case (line 6 and line 17). If selected rules can correctly
classify at least one case, they may be our potential rule in our
classifier. The rules that do not cover any case are removed
and the cases that do not fall into any of the observed classes
are added to a default class (in case we stop selecting more
rule for our classifier (C')). The algorithm computes and
records the total number of error made by classifier and
default class. When there is no rule of training case left, the
rule selection process is completed.

Input : CARs = Set of class association rules of original training
datasets
R" = Class association rule is CARSs’
UT = Updated training datasets
T = Original training datasets
t = Incremental training datasets
Output : C' = Classifier

1. R'=sort(R")

2. foreachrule r' € R'in sequence do

3 if r' € CARs then

4. for each case X intdo

S if X satisfies the condition of ' do

6 store X.id in temp and mark r' if it
correctly classifies t ;

7. if ' is marked then
8. insert r' at the end of C' (our classifier)
A delete all the ruleitem with the id in temp from db
10. selecting a default class for the current C*
11. compute the total number of errors of C'
12.  end
13. else
14. if r'& CARs then
15. for each case Xin UT do
16. if X satisfies the condition of ' do
17. store X.id in temp and mark r'if it
correctly classifies X,
18. if r' is marked then
19. insert r' at the end ot C’ (our classifier)
20. delete all the ruleitem with the id in temp from UT
21. selecting a default class for the current C*
22. compute the total number of errors of C'
23. end
24. end

25. Find the first rule p'in C' with the lowest total
number of errors and drop all the rule after p’ in C'
26. Add the default class associated with p'toend of C'

and retum C'

Fig. 3 ICBA-CB algorithm

The third step at line 25-26 is discarding those rules in the
classifier that do not improve the accuracy. The cutoff rule is
the first rule at which there is the least number of errors
recorded on UT. The remaining rules and the default class of
the last rule in the classifier form our classifier.

4 Experiments

The comprehensive experiment is conducted to evaluate the
efficiency of the proposed algorithm. We compare ICBA
performance with CBA algorithm and we use 3 datasets 2



lifferent minimum support thresholds and 2 different
ninimum confidence thresholds) from UCI Machine Learning
Repository [htip://archive.ics.uci.edu/ml |. The execution time
show in figure 4, 5 and 6.

12000 =
10000
<
& 8000 -
@
E
B 6000 - —
§ =ICBA
g 4000 N YT
w
° o o
0 . - L. - -
15%70% 51%/80% 20%/70% 20%480%
min_sup/min_con
Fig. 4 Execution time of Adult dataset
3500 4
3000 - — P foe
§ 2500 - —
£ 2000 -
k=
§
1500 - | ——-E{(BA
H
£ 1000 - — - &=
w
Sm - B £ e _ -
0 - . . - ‘._.
35%/70% 35%/90% 409%T0% 40%790%,
min_sup/min_con

Fig. 5 Execution time of Mushroom dataset

8

L — S
300 -

=

8250 +

£

E 200

§ 150 ®ICBA

z

@ = CBA

X

w

o &

3%/45%

1%/45% 1%/65% 3%/65%

min_sup/min_con

Fig. 6 Execution time of Nursery dataset

94

5 Conclusion

In this study, we propose an improved new classification
based on association rules algorithm called Incremental
classification based on association rules (ICBA). The
experiment results show that our algorithm is more efficient
than CBA algorithm. In the future, further researches and
experiments on the proposed algorithm will be presented.
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Incremental Updated Association Rules Based Classifier

For Changing Training Dataset
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stract— Recent studies in data mining have proposed a new
ssification approach called Associative Classification which
egrates both association rule mining and classification task.
this study, an incremental updating technique is applied to
ociative classification for constructing classification system
order to reduce the execution time, when a new training
:aset is appended to an old training dataset. The proposed
orithm, called Incremental Classification Based on
sociation Rules (ICBA), is based on the concept of Fast
date algorithm (FUP) algorithm. The experiment results
yw that the proposed algorithm has execution time faster
in CBA algorithm.

Keywords- Associative Classification; class association rules;
rremental association rules.

L. INTRODUCTION

Associative Classification [3] is a framework that
egrates classification [7] and association rule mining [1,
The goal of associative classification is to build a model
it uses association rules for classification to predict future
ta objects for which the class label is unknown.

Model Construction generally consists of two major
ases: rule generation and classifier building. Firstly, the
le generation is discovering the set of class association
les (CARs) which satisfy the user specified constraints
noted respectively by minimum support and minimum
nfidence thresholds. Secondly, a classifier is built by
oosing a subset of the generated class association rules
'ARs). Many studies have shown that Associative
assification is often more accurate than traditional
wssification techniques.

When a new training dataset is appended to an old
ining dataset, the classifier that uses association rules may
2d to be changed in order to reflect any change in the new
ining dataset. As a brute force technique to deal with this
uation, both old training dataset and a new training dataset
» merged into an updated training dataset. Then, the model
astruction process starts building a classifier based on the
-dated training dataset. This brute force technique is time
asuming and inefficiency.

Therefore, a new algorithm, called Incremental
issification Based on Association Rules (ICBA)
corithm, is proposed. The objective of this algorithm is to
Jve these problems more efficiently. As a result, the

Worapoj Kreesuradej

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

proposed algorithm has execution time faster than that of the
previous algorithm.

II.  RELATED WORK

A. Associative Classification (AC)

Associative Classification is considered as a new
approach for classification. The framework of associative
classification is integration of classification and association
rule mining. The first associative classification algorithm is
called Classification Based on Association Rules (CBA)
[3].The algorithm has two major phases:

s CBA —Rule Generator (CBA-RG)
e CBA —Classifier Building (CBA-CB).

CBA-RG algorithm shown in figure 1 generates a
complete set of class association rules (CARs) that satisfy
the minimum support and minimum confidence thresholds.
To generate the set of class association, CBA-RG algorithm
finds all frequent ruleitems by making multiple passes over
data similar to Apriori algorithm. Ruleitems are a frequent
ruleitem if their supports are greater than or equal to
minimum support. For all ruleitems with the same condset,
the ruleitem that has the highest confidence is chosen as
possible rule. The result of this step is the set of CARs.

CBA-CB algorithm is shown in figure 2. The algorithm
sorts the set of CARs according to the precedence relation
(>). The rule ranking is defined as following:

Given two rule r; and 1, ry>rj(r; has higher precedence over
rj), if one of the following holds good:
|. The confidence of r;is greater than that of r;
2. Their confidence are the same but support of r;
is greater than that of r;
3. Both the confidences and supports of r; and r;
are the same, but r; is generated before r;

After rule ranking, each training instance is covered by a
rule having the highest precedence among the rules that can
cover the case. The rules that do not cover any training
instances are removed. Then, training instances that do not
fall into any of the observed classed are added to a default
class. Finally, rules that do not improve the accuracy of the
classifier are discarded. The remaining rules and the default
class of the last rule are formed as associative classifier.



. Fy={large I-ruleitems};

1. CAR; = genRules(F)):

j. prCAR, = pruncRules(CAR):
b, for (k=2; Fi.y #0; k++) do
5. C, = candidateGen (Fy.);

5 for each data case d€D do

7. Cy = ruleSubset(Cy, d):

8 for each candidate ¢ € Cy4 do:

9. c.condsupCount++;

10. if d.class = c.class then c.rulesupCount++
1. end

12. end

13. Fi = {cECy | c.rulesupCount > minsup };
14. CARy = genRules(Fy):

15, prCARy = pruneRules(CARy):

16. end

17. CARs = ux CARy;

18. prCARs = uprCARy :
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Figure 1. CBA-RG algorithm

Database (db)

1. R=sort (R);

2. for each rule r € R in sequence do

3. temp= O

4. for each case dED do

5 if d satisfies the conditions of r then

6. store d.id in temp and mark r if it correctly

Classifies d;
7. if ris marked then
8. insert r at the end of C:
9, delete all the cases with the ids in temp from D;
10 selecting a default class for the current C:
L1 compute the total number of errors of C:
12 end

13. end

14. Find the first rule p in C with the lowest total
number of errors and drop all the rules-after p in C;

15. Add the default class associated withp to end ot C.
And return C (our classifier).

Figure'3. Updated Database

Figure 2. CBA-CB algorithm

An Incremental Updating Technique

An Incremental Updating Technique [5, 6] is proposed
r dynamic database which new transactions are appended.
hen new transactions are added to the database shown in
sure 3, association rules maybe change. For this problem,
st Update algorithm (FUP) [4] shown in figure 4 and
-ure 5 is the first algorithm that proposed to solve it. The
corithm handles database with transactions insertion only.
, efficient algorithm FUP is presented for computing the
ge itemsets in the updated database. It shows that the
ormation from the old large itemsets can be reused. The
st iteration of FUP algorithm shown in figure 4 is filters
“ the losers and obtains the first set of winners from the
ginal largel-itemsets. It removes size-one loser then
\erates size-one candidate sets and finds size one winner.
¢ the second iteration and beyond, FUP algorithm
noves other losers, prunes candidate sets and finds
naining winners. The same algorithm is applied to the later
rations until no large itemsets is found.

Input: DB-= the original database
I, = the set of all large k-itemsets in DB. where
k=4%...1;
db = an incremental database
s =minimum support threshold
Output: L' = the set of all large itemsets in DB Udb.
The 1™ iteration :

1AW L C~0f L2 0LR =@,
/* W winners, C: candidate sets, L,": initialized,
P. for optimization*/

2. for all TEdb do /*scan db*/

B for-all I-itemset X €T dof{

4 if X € W then X.supportgt+;

i

else |
6. it XgC
7 then {C = C U 1X}: X.supporty=0:}
/*init the support count and add X into C */
8. X supportg++:}

L Sty
10. for all X&€ W do /*put winners in to L' ¥/
1o if Xsupportyp =5 * (D +d)
12 then Ly = L', U X}
13 for all XEC do /*prune candidate sets in C*/
14, iFX.supportg<s > d
15 then {C = C-{X3: P=PU {X}:}
/%P will be used for optimization*®/
16. for all TEDB do /* scan DB*/
17. forall I-itemset X € T do |
18. if XEC then X.supportp ++;
19 if XEP then removes X from T;
/* Transacsion T is reduced*/
20, ¥
21. for all XE€C do /*put the winners into L', */
22 if X.supportyp = s * (D +d)
23. then LI|=LI|U:X=
24 return L', /* end of the I*" iteration*/

Figure 4. FUP algorithm (I iteration)




W=L;Lx=0,
/% W: winners; L' : initialized */
C = apriori-gen (L'v1) - Lk ;
/# the size-k candidate sets*/
for all k-itemset XEW do
/*prune off loser in W*/
for all (k-1) — itemset Y €Ly - L. do
if Y S Xthen { W=W — {X}; break; }
forall T €db do {/* scan db*/}
for all X €Subset (W,T) do X.supporty ++;
/* Subset (W, T) returns all the sets in W contained in T*/
for ali X €Subset (C,T) do X.supporty ++;
/* find support of all XEC */
Reduce_db (T);
/* Some item in transactions in db can be removed*/

).}

L

. for all XeW do

/* put the winners from W into L'y */
if X.supportyp > s x (D +d)
then L'y =L U {X};

2
3
1. for all XEC do /* prune candidate sets in C */
5.
5
7
8

if X.supportg<s x d then C=C— {X};

. for all T €DB do {/* scan DB*/}

for all X €Subset (C,T) do X.supportp ++;
Reduce DB(T); }
/* Some transactions in DB can be removed*/
. forall X €Cdo
/* put the winners from C into L'y */
if X.supportyp2s x (D +d)
then L'y = L'\ U {X};

. return LY . /* The end of the K™ iteration®/

Figure 5. FUP algorithm (k" iteration)

1
1
1
1

CE NS E LN~

. C'1= l-ruleitem in db
. foreach XEC' do
if XEC,do

scan db to update X.supportyp then

if X.supportyp>sx (D +d) do
insert X at the end of L',

else

if X.supporty > (s x d) do
. scan UD to update X .supportyp then
0. if X.supportyp>s x (D +d) do
1, insert X at the end of L',
2. end
3. for (k=2; Ly #@; k++) do

14. C '\ = candidateGen (L'i.1) - L

1

5. Li=ruleSubset (Li1 , L'1)

16. for each X €C ', do

17. if X €ECido

18. scan db to update X.supportyp then

19. if X.supportyp2s x (D +d) do

20. insert X at the end of L'y

21. else

22. if X.supporty > (s x d) do

23. scan UD to update X.supportyp then
24, if X.supportyp>s x (D +d) do
25. insert X at the end of L'y

26. end

27. end

28. CARs' = pruneRule (L"

Figure 6. ICBA-RG algorithm
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[II. INCREMENTAL ASSOCIATIVE CLASSIFICATION (IAC)

When a new training dataset is appended to an old training
dataset, an associative classifier may need to be changed in
order to reflect any change in the new training dataset. Here,
a new algorithm is proposed to update an associative
classifier when a new training dataset is appended to an old
training dataset. The algorithm, called Incremental
Classification Based on Association Rules (ICBA)
algorithm, is based on the concept of FUP algorithm to solve
this problem. The algorithm is divided into two parts. As the
first part, ICBA-RG algorithm shown in figure 6 discovers
the set of class association rule (CAR's) in updated database.
Then, the second part is builds a classifier for an updated
database. The algorithm for the second part shown in figure
7 is called ICBA-CB algorithm.

1. CARs'=sort (CARs")

2. for each rule ' € CARs' in sequence do

3. if r'€ CARs then

4. for each case d indb do

5\ if d satisfies the condition of r' do

6. store d.id in temp and mark r' if it
correctly classifies d;

7. if r'is marked then

8. insert r' at the end of C ' (our classifier)

9. delete all the cases with the id in temp from db

10. selecting a default class for the current C’

11. compute the total number of errors of C'

12.  end

13. else

14. if r'¢ CARs then

15. for each case din UD do

16. if d satisfies the condition of ' do

17. store d.id in temp and mark r' if it
correctly classifies d;

18. if r'is marked then

19. insert r' at the end of C ' (our classifier)

20. delete all the cases with the id in temp from UD
21 selecting a default class for the current C'

22. compute the total number of errors of C'

23. end

24. end

25. Find the first rule p'in C ' with the lowest total
number of errors and drop all the rule afterp' inC'*
26. Add the default class associated with p’toend of C’

and returnC'

Figure 7. ICBA-CB algorithm

According to Figure 6, the steps of rule generation part
are outlined as follows. An incremental database (db) is
scanned to determine large l-ruleitem of an updated
database (UD) shown at line 1-12. If a candidate 1-ruleitem
is member of previous large I-ruleitemsets, its support is
updated. On the other hand, if a candidate 1-ruleitem is not
member of old large 1-ruleitemsets, our algorithm checks
the support of the ruleitem in an incremental database. If the
support of the ruleitem in an incremental database is equal
or above minimum support of incremental database, i.e.,
support > (sxd), then the algorithm scans DB to update
support count of ruleitem.



As shown at line 13-27, the large k-ruleitems of updated
ibase are determined when k is greater than or equal to 2.
ididate  k-ruleitemsets are generated by applying
didateGen function shown in line 14. Similar to the
ning step of Apriori algorithm, a ruleSubset function
wn in line 15 removes joined ruleitemsets which is
iilar to previous large k-ruleitemsets, i.e. L. Then, if a
zitem is member of L and its support is equal or above sx
+d) it becomes large k-itemset of update database (L'y).
the other hand, if a ruleitem is member of C, and then its
jport less than (sxd) then the item is removed from
ididate k-ruleitem. Then, if the support of ruleitem is
1al or above (sx (D+d), the ruleitem is inserted into L.
ally, genRule function shown at line 28 generates CARs.
For the last phase, ICBA-CB algorithm shown in figure 7
Ids a classifier using CARs. It has three steps to build the
ssifier. The first step which is at line 1 is sorting the set of
Rs" according to the relation “>".

Then, the second step at line 2-24 is selecting rules for
ssifier following the sorted sequence. For each rule which
member of CARs, we go through db to find those cases
vered by the rule. If selected rules are not member. of
\Rs, our algorithm goes through UD to find those covered
;e instead. We mark selected rules if they correctly classify
sase (line 6 and line 17). If selected rules can correctly
ssify at least one case, they may be our potential rule in
r classifier. The rules that do not cover any case are
noved and the case that do not fall into any of the
served classes are added to a default class which mean that
we stop selecting more rule for our classifier (C) this class
Il be the default class. The algorithm computes and
:ords the total number of error that made by classifier and
fault class. When there is no rule of training case left, the
e selection process is completed.

The third step which is at line 25-26 is discarding those
es in the classifier that is do not improve the accuracy.

e cutoff rule is that the first rule at which there is the least
mber of errors recorded on UD. The remaining rules and
» default class of the last rule in the classifier forms our
1ssifier.

IV. EXPERIMENTS

The experiment is conducted an extensive performance
idy to evaluate the accuracy an efficiency of the proposed
rorithm. We compared ICBA performance with  CBA
rorithm and we used 2 datasets (with different minimum
pport but same minimum confidence at 60%) from UCI
achine Learning Repository TABLE | shows the average
execution time for ICBA algorithm and CBA algorithm
th different datasets.
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TABLE 1. AVERAGE OF EXECUTION TIME

minimum Average of Execution time (sec.) |

Dataset support . [ . |
. CBA algorithm | ICBA algorithm

Mushroon 25/60 346.633 81.583 1
: !\V/IU;ro(r)m N 30/60 7 203.664 | 48.600 |
‘WNJI:;[T/ 25/60 ; 13458 f 2430 N
’ Nurs;:r.\ 30/60 ! 10.431 1.401 |

Execution time of Mushroom dataset
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Figure 8. - Execution time of Mushroom dataset
Execution time of Nursery dataset
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Figure 9. Execution time of Nursery dataset

V. CONCLUSION

In this study, we propose a new classification based on
association  rules algorithm ~ called  Incremental
Classification Based on Association rules (ICBA). The
experiment show that our algorithm is more efficient than
CBA algorithm. In the future, further researches and
experiments on the proposed algorithm will be presented.
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