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The objective of data classification is to find data model from the learning
process to predict the future data. Currently, many researchers are interested
inimproving the efficiency of data classification algorithm to obtain high accuracy
and good interpretability of the model. But to obtain both criteria simultaneously is
still unaccomplished bythe current methods.Therefore, this research proposes a
method of data classification to obtain bothhighaccuracy and good interpretability of
the model by the combination of association rule mining and data classification rule
induction techniques.Association rule mining is good at finding relationshipsamong
the whole data set and represents them as association rules. This research applies
association rule mining for building a model to predict future data.This research also
uses fuzzy set technique to control a continuous data to enhance efficiency of the data
classification.To evaluate the performance of the proposed method, this
researchcompares accuracy of the classification rules and the number of rules
obtained from different kinds of data classification algorithms.These algorithms
include the traditional data classification algorithms, the associative classification

algorithms, and the fuzzy association rule-based classifier algorithms.
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Bob 167 0 0.15
Steven 158 0 0.06
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I a & < 9 1 ?}ll dyd ~ =1 aa 4
3217959 (Yes) PFIVZAIHUVOUANATVOINADINHUAD NYN(1) FIWITDNUUBNNTLIA

[ U aa 4 1 {
(Attribute) 91914 then (Consequent) Idu1nNN31 1 oNN3DIAA® D 1Az E uangN(2) @130
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=\ Aaa s Y [ Y A & Aaa SR Aaa o 1 I Aaa o
WULDNNTUIAUINYIAN then vl,m‘WEN’H‘LNllﬂﬂﬂiﬂlﬁcﬁﬂllﬂﬂﬂiﬂlﬁ snanvziluuennsuig

amaihvune (Class Target)

9

Y
A ° o v o [ .
uwfamssuunszindeyamenganuduiusil lagniuauensausnTag Livet

al. (1998)Lla$1ﬁjl,ﬁ1'!€)§laﬂ6a§ NUNT¥0Classification Based on Association Rules (CBA)“TNﬂ@]

o ~

Ay v o D, Y, o Pt '
T]ul,ﬂi]'lﬂﬂ'liﬂig‘njﬁwaﬂl@\?ﬂ'lfifl]'ll,luﬂﬂi%!ﬂ‘ﬂﬂlﬂuﬁﬂ?ﬁlﬂgﬂ')’lﬂﬁﬂwu‘ﬁul gnN1I1 Class

Y
Aav A

Association Rules (CARs)lLa$1Hﬂ1iﬁ%Nﬂ§] CARsUDNUIYY 1ﬁi%ﬁ1ﬁﬁﬂﬁ1§u(8upport)
' A o I J 9y a a
1azAINNUFDNU(Confidence) (unan lumsainang vazlunmsnaaeuilszansninyes

@ a2 1A 1o ' v A R . 2 g @ A A
2an93NY CBA WUNUANMULLUENINNIBANDI NN C4.5 (Quinlan, 1993)FuUoanasnuN

A 9 v A o

Tasvanuiionldiuegauniviarsluilaaiiu deuidisednsiuavmnn ldaueuuinaluns

U

Q
E4
! = v

% a a o o a a §
a519ng CARs Feluainetnusiauil IhiuaueuniAanisasiing CARsv031UIT87

a,

4 9 vt o a ad o Ay A g ¢ o
lﬂﬂ')ell@\ill')ﬂﬂ')ql@ 2.6 llaga‘ﬁUWEWlﬂ'Hawui']uell@\?ﬂ'ﬁﬂuﬁN@Qﬂl@%alwaﬂuw’lﬂj’IMﬁMWUﬁ

uazmsviuriestoyauuusmuniszinn3luiade 2.3.1 uaz 2.3.2 awdey

o 9 y k) o v J .. ..
2.3.1 ﬂ15‘]/]1!,‘ViﬁEN61]E)iglmﬁﬂﬂU‘Vi1ﬂ’313JﬁNWU‘ﬁ(A55001at1on Mining)

A

o A Y A Yy [ o 4 o g =
nsiunlesdeyaiiedunianuduiusgniuaueduiiodl 19931ae
§ o a I v o
RakeshAgrawal tagamgio1 1146 lunsdnszigduunanuduiusvesdoyanso nms
a ¢/ A a g v - & v <
ANTIEHMIFOAUA0IgNA(Market Basket Analysis) $370303518N15F0U9gNA192 QNN
@ . A % dy A o 9 dy A
Tusinuuvensuusasu (Transactions) Tasniuusasuilimilounuazniiousei
a z:y 4 < % o I ) %
Uszaeualedummnats q ¥ e uns uuyagsu 1891194 Dausari NI IuLsATY
v 2 A v o o v o Ay Y
wiai lliszuanariiemnganuduiusuaziiinganuduiusn s lslums naumuns
Y
TaTuAuMMsuughaumvs ounudaonsnszdueoauodum

a

v o A v a 1o {
Tumsadnganuduiusidaueismsain livaedanesiin uasanesium

I Aa = o AL A .. =i
Wunteud 2 oanesnune Apriori(Agrawalet al., 1994) 1ta2 FP-growth (Hanet al., 2000)1@ N
Aprioriqﬁll%}L%ﬂﬁﬂ Support-based Pruning RTRE R ﬂﬁﬂﬂ%flaﬂ§1u’3umﬁ@:!,lfliﬂ(Candidate
[ Y

Itemsets) UNUNIZUINUIININUALAL IFNITAUMIAIADVLVY Breadth-First-Search @31 FP-
growth fnzﬁwm@T@w%aﬂﬁmmgcm@:miaﬁ'aﬂ"?fﬁmi Depth-First Search(Palanisamy, 2006)

a a c'dy Y v a R .. 9 v v o A = 3 A
Iﬂﬂ\?TH’JTIEJTHWH‘ﬁHUlm‘]fEJﬁﬂﬂiﬂiJ Apriori 11!ﬂ'l§’ﬁ5'l\1ﬂ§]ﬂ3'lﬂﬁﬂ1/‘lﬂﬁ IHDIINNUUUADUN

o

Vo 9 D) P2 v w a =R 2~ a Y] o
Vlll“]f'ﬂ“]f@uLlamﬂl’lclfﬂllﬂ\?'lﬂﬂfl'l@aﬂaiﬂll FP-growth G]f\?ﬂJi’lEla$L@Elﬂﬂ’liﬂuﬁ’lﬂ@]ﬂ'J'Ifollwu‘ﬁ

9 9

2 VUABUAI
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H d' v < . o
duaoui 1 mad1elomuaalsinguios (Frequent Itemset) Ing loriuaala o

I < ] Y = @ ' A [ A o
wiiluloumaailsngiesszdeslisaivayumnniviosinuamaivayu

9
CY o

v Y v
GUAI(Minimum Support) FIAAUUAYUTUAIIZYNAIUUANINING 1% dIUAT

@ ' <3 o { Z}J
mivayuvewaaz lomusadunsoiuan ldnnaunisn 2. 4uazudasiuaon

ax 9 =] ' @ A
Fmsadelomumailsngiies aagili 2.4

1 @ <3
msmsaiuayuved leriua mldnn

numberoftransactionsthatcontainA,

(2.4)

Support (A) = -
numberofalltransactions
H -d' v g o ¢ < . A o
duaoui 2 msadnganudunusan lemuwalsingies Taen lomua
' A o y 3 Y A ' < '
Usingesla g Miwnasaiuszdesivinaveusaunnii 1 ey 5y wavo
~ < ~ 2 Qv 2 <
(A, Biiwua 2 Temu savea {A, B, C}ivina 3 lemudludy ainiiulemy
] A A o Y [ @ 7Y g
walsinguesiiuou lvaggninaiunganuduiusaremnaumiainu
A A v o ¢ Y A A < v A4 o ¥ %
WoNY TagNngANNAUNUTIZARINAINMUFONULINNIAINNUFONUTU
[ [ 0 Y v
(Minimum Confidence) $3A1AMMMUF0IUTUA1ZYNAUUANIIING 1 azaun1s
: ! $ g Ao A o H H
nldmmanuFouyeIngaNuFNNUSHAAIRITUNITN 2.50azudATUADY

Y v o J o A
MIATNARANVAUNUT A3 2.5

MsmmANUF0IuYeINg A—Br1 Iden

support (Aand B
pport ( )(2‘5)

Confidence(A—B)=
support(A)



AlgorithmApriori
//Input : Database D, Minimum_support.
//Output : L frequent itemsets in D.
(1) L; =find_frequent_litemset(D)
(2) for(k = 2;Lg_q # O;k++){
3) Cx = apriori_gen(Lk_4, Minimum_support);}

(4) foreach transactiont €D { // scan D for counts

(5) C,; = subset(Cy, t)

(6) for each cadidate c €C, {

(7 c.count++ }

®) }

(9) Lg=1{c € C|c.count = Minimum_support}
(10) }

(11) returnuLy

= K 3 ] @ Aa R L.
gﬂ% 2.4 ﬂﬁﬁiNblE)L‘VliJLG]mﬂﬁﬂ@]ﬂﬂﬂﬂl@\‘l@aﬂﬂi‘ﬂm Apriori(Agrawalet al., 1994)
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Procedure generate_rule(Ly : frequent-items, Min_conf: Minimum
confident, RHS : right hand side Items);

(1) ForeachleLy// lisfrequent-itemset.

2) k=]1] // size offrequent itemset

3) m = |Hp| // size of right hand side Items
4) For each hm+1€ Hm+1 {

(5) If hmt1 = RHS {

(6) conf = o(fy) / 6 (fk - hm+1) ;

(7) If conf>= Min_conf {

(8) Rule = rule(fk - hm+1) = hm+1

9 } Else

(10) delete hm+1 from Hmy1

(11) }

(12) }

(13) return Rule

< Y v v
31N 2.5 MIaTNYANNFNTUT (Agrawalet al., 1994)
@ ] v o Y @ a R .. Y o dy al
A9ENMIMINGANUTUNUTAIBOANeI N Apriori eaNsauaad laastiauuadn
9

y A Ay X o A Y ) A v o 3
Qﬂﬂ'lll']c]fasll@\iﬂi']uﬁgﬂjﬂclf’f]flnu']u 50U (Gni']\ﬂ/] 2.2)!%1%@351“ﬁ$ﬂ3ﬂ°ﬁ@@'f]\?ﬂ’lifﬂﬂclﬁ!

g}

a ) Y Y Y ?xlz a s A dy a Y A A J
INAUAN Iﬂﬁli"]ﬁl’ﬂﬂﬁﬁﬂﬂ?ﬂ\i 5au 3J1’Jl,ﬂi13WLW@W1§ﬂLLUUﬂ1§“]§@ﬁHﬂ1 I@’IEJNNEJULIGU’N

a ¥ Ao H Y 9 = Y é’ 1Y ' 9 Iy o ] Y
aum‘nmm’muuﬂsmNuuﬂzmmgﬂﬂwa”lﬂumaﬂwuaﬂ 39U %Wﬂjﬂﬂﬂﬂglﬁu]‘lﬂ’ﬂ
v Y X 9 v o o 9 Y ' v o oA
li]ﬁl@\ﬁ1u’d$ﬂ’m“]f®@6\1ﬂ'li"YT'lﬂ;]ﬂ’)'liJﬁiJWH‘ﬁﬂl@ﬁl@iallﬁiﬂﬂQﬂﬂ1 5aU LLG]ﬂ;]ﬂ’JHJZ‘TiJ‘W‘L!‘ﬁVI

v Y v b v ' iy A ' : a ¢
AIUDITTIUHADINITUU ﬂ$@63ﬁﬂ1ﬁUUﬁHuﬂluﬂ1m1ﬂﬂ')1 3 G?Qﬁ'ln'ljﬂjlﬂi’]gﬂﬂ’lﬂg

Y
ANUFURUT lanail
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=i dy a 9 Y
AT NN 2.2 5']8ﬂ'l§°])”f]’ﬁuﬂ'lellﬂﬂgﬂﬂ'l 5AU

TID Items

001 Eggs, Pepsi, Noodle
002 Sushi, Pepsi, Toy
003 Eggs, Sushi, Pepsi, Toy
004 Sushi, Pepsi, Toy
005 Eggs, Noodle

F4 9
INT1WNTFOUBIVOIGNAT SAUHI 0T8N SNI1UUTATY Tn13Fodud1ag 5

a ' 3 { o @
wiianioiiondn 5 loiuAe Eggs,Sushi, Pepsi, Noodleltaz Toy 91n403aa13199 2.2 %1151

]
aA %

1 o ] < Y o ~ o v A <3
meivayuvewaaz lomuaz 1daag i 2.6(n) wazyiinsaaden lounlinaivayu

o A KX A

1 A [ 1 ) ?z}z < 9 v o ~ <3
nnnIMseInuMaEiuayuTue Ao 3 lomwy vz lanaansaegi 2.6(v) Faiseninlerin

] <
walsinguosvina 1 lowiy

Item Support
i Item Support

Eggs 3
Eggs 3

Sushi 3
Sushi 3

Pepsi 4
Pepsi 4

Noodle 2
— Toy 3

Toy 3

(n) Toiuaaguaiauug 1 oy @) Toiuamilsnguesuiua 1 oy

=i Y < R < Il <
51U 2.6myaialemuaaquisias lousailsnguesvina 1 leriy

v Z}J o 1 1 <3 o ] '
apantuiimsadwwaguisvuia 2 lewiuy Tasnisih lomuaailsingies

]
[

3 o ' { o [ <3 1 ] 1
wa 1 lomun lddugaz 1daagii 2.7 (n) wazsihmsaaden lomusanlisaivayuunni

U
v

o A

Towo @ ?1}1 <3 1 [ < '
wiomhnumaiuayuaue fe 3 ey uReanunuaeuaiiclomuaalsingliesvua

< : v Jw 4 < ' <
1 lowiy vz Ianaansaagiin 2.7(v) fe lomuaailsinguesuuia 2 oy
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Item Support
Eggs;-Sushi +
. Item Support

Eggs; Pepsi 2

EoesToy 1 Sushi, Pepsi 3
Sush 3

i, T

Sushi, Pepsi 3 HshL, Toy
Pepsi, T 3

Sushi, Toy 3 epsL, 20¥

Pepsi, Toy 3

n) lorusaguisuuia 2 Ty ) Toriuamilsngtesuuia 2 oy

A 9 3 R <3 ' 3
s 2.7m3ai lemuaaquasias lousailsnguesvina 2 leriy

v < Il <3 Y ?1}1 ' < A [
wason 1@ Temuaalsinguesyina 2 lemundriunouae lufszmilounuiy
) v o ' g A ) < '
Juaeumsad i lomumailsnnguesuiia 2 Toriy Ao myaialemuwailsinglesvua 3
=] 0 =] Il < o & ' Il <
Town Tasmsih lemuaaisinguosuina 2 TeulUdug deaz ldaguaisyua 3 Torm

=Wl 1 % % 1

= . . =~ < a A @ " v =i
A9 {Sushi, Pepsi, Toy} !;wﬂa"lammwmmuazmWﬁuUﬁyummu 3NUAUMAUNUAN

Y =2

v o b oqwn g v 1 a o ' o '
advayuue vl lemuaaasnariiulomumalsnguesuina 3 Toruase Feaen
A g M) o v o W ' g A A
tfumsaialemuaaguisviia 4 lory ua lomuaailsnguesvua 3 Ty lifieele

o A =y o MY o q Y ) o oA o
usaRedds awnsotug 1a shldaugemsailemummlsngussiaua 3 oy

U

an ' A 9 v o ] ' <
Fmsae laemsainnganuduiuson leriumaailsinguosvuia 1 lerin

T ETATR ST G?Nﬁ’f]@j 4 "lmﬁmw Ao {Sushi, Toy}, {Sushi, Pepsi}, {Pepsi, Toy} tag {Sushi,

Jd o

Y
Pepsi, Toy} laoaunsod3neld 12 nganuduiusasil

1. Sushi ==> Pepsi (confidence = 100%)

2. Sushi ==> Toy (confidence = 100%)
3. Pepsi, Toy ==> Sushi (confidence = 100%)

4. Sushi, Toy ==> Pepsi (confidence = 100%)

5. Sushi, Pepsi ==> Toy (confidence = 100%)

6. Sushi ==> Pepsi, Toy (confidence = 100%)
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7. Pepsi ==> Sushi (confidence = 75%)
8. Toy ==> Sushi (confidence = 75%)
9. Toy ==> Pepsi (confidence = 75%)
10. Pepsi ==> Toy (confidence = 75%)
11. Toy ==> Sushi, Pepsi (confidence = 75%)
12. Pepsi ==> Sushi, Toy (confidence = 75%)

] ' 9 o o I Y =3
110 4 louaalsingies awsoadunganudunus lauinde 12 ng

' Py, o o 2 & < . o R
msiznlumsaienganuduiusiu vik lemusalsinguesaiunsoii lomunanualu

v
Q/ o o

=] [ d‘ d‘ Y [ @ 9 1 [ J R
!,‘W]iﬂljENZ‘T“UL“JJ@EJ‘L!LWE]E‘HNﬂ@]ﬂ’ﬂnt’m‘wu‘ﬁﬁlﬂn1ﬂﬂ’n 1 NQANUTUNUT FIATUINUIUIY
@ @ ) o v { ) <3 ]
ngAALIUS I8N (2N — 2 =T waunganuduiius lagi N Aesiuau o) wu 1xe
[] [ @ @ 4
ﬂimguaﬂ {A, B, C}mmma%’nﬂ;]mmauwu‘ﬁ“lﬁ'nmﬁq 6 NRANUTUNUD fo23—2=6

1 v o o {
HAZUAANTI8ALIDIAYBIA AL NYANUANIUTAIIUN 2.8

IF A then B,C

IF B then A, C

IF C then A, B
- IF A,B then C

IF A,C then B

IF B,C then A

A o i v o J
717 2.8d70819 ngANNTUWNUT

Y
s v Ao

@ ' o Y v W A Yo =2 o Y A
fl]’lﬂ'ﬁ’ll?fﬂﬂ\?ﬂa’l')ﬂ’ﬂﬂﬂaﬂfl’lﬂﬁﬂwuﬁﬂ AsuHUNTWINIINIIm limsaen

ee

4 v o J Y Y

9
o v J ' o Y o
ﬂgmmanwuwﬂ%’ammui’ﬁqamm ANUUIINHAANTNN 12 NRANTNFTUNUD 191UDI51U

ee

a 4

£ Y . o A ¥ o 9y v a Ay
agﬂ’]ﬂcﬁ@ﬂgﬁ@qw’lﬂ'ﬁﬂﬂ!a@ﬂﬂi‘]LVN 12 NTI%IUﬂ’ﬁﬁ]@j’NTuﬁUﬂ’H@Q@ﬂ%ﬂqﬂﬂigﬁﬂﬂ’]im

Y
Aav A

@ a Yy v 9 @ ' o 9 Y an o = 9
tarndudusvesd i ndymasnarhldanised ldiauedsmsiunilesdoyauuy
o 9 o v o  Jq YA Y
suunsziandeyarzamsnaniiuiuveingauduius Iilvinaanasld
23.2m3vmunilszinndoya
4

v 9 v an 9 v W YR o v W A
NNV 2.3.1 vlﬂl'ﬁu@:]‘ﬁﬂ’]iﬁi’NﬂQﬂ31NaNWHﬁ{vl,']qfq{l]']u']uﬂaﬂj'luﬁuwuﬁw

Yo A o 1 v 9 dy an o A 9 o 9 '
vlﬂiﬂlﬁ]’lu')uiflﬂ Ll@]ﬁluﬂ'ﬁﬂl@uﬂ$l'ﬁuf]']‘ﬁﬂ’liﬂ’llﬂi\l@\?m@ﬂg’allﬂﬂﬂ'ﬂluﬂﬂiglﬂ‘ﬂﬂl@yjallﬂﬂ\ﬂﬂ
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4 o A Y v o ¢ { a
7 iiverinadngCARs Tasms 1935 msAadonnganuduiusaltenisidenng luenns

] v
1 v S A

a { Aaa I
12AN0gnad then MiNea 1 uonn3drdunilung CARs(Palanisamy, 2006)%9910N3)

u

9 [ v
= AA o a A

v o Jo o (% J @ v
ANMUAUNUININUA @NEL]J‘VI 2.9 (ﬂ)mmmmﬂg%mm’mua%mumi’ﬁwm then 411N 1

D.

wenn3tad I8 3 nguazngiilucarsiengiioglugai 2.9(v)

IF A then B, C IF A,B then C
IF B then A, C IF A C then B
IF C then A, B IF B,C then A
IF AB then C
IF A,C then B
IF B,C then A
(M) ﬂgmmﬁnﬁuﬁ'ﬁ’wm () ﬂg]mmﬁnﬁ’uﬁ'ﬁ“l%lﬁaﬂﬁfﬁ’muﬂ

9
Usznnioya

A o v 9 o 9 T ]
i“lJ‘VI 2.9 maﬂnmiainﬂ;]muuﬂﬂszmm@gaamww

U

<3 Y1 am dy I ax A ~ 9 Y <3 1
fuzmu"lmn‘ﬁmimﬂmﬁmmawmmmmﬁiwﬂg CARs 1898193570137 1
v AAax =) d' 9 é a a d dy Y o a LY a K
am‘ﬁmiaﬂmﬂﬂ%ﬂumiaiwﬂg CARsH¥INUIMeNInusayil lasihuuifaveisanosny
g ?1‘/ A o v 7 A
OneR(Holte, 1993) mﬂizqﬂ@i%ﬂumumaumimaﬂﬂ;]ﬂ’mmuwummmqmma
=~ o A o A= A A aa Jaa
TasuuIAALAZHANNITNUFIUVOIBANDINY OneRAD N1TIABNUONNILIANI
' A o ] Y A & Aa o . A v
ﬂm’ﬂnNﬂ‘wmﬂcluﬂ1§ﬂ1u1ﬂﬂl€)ylauﬂﬂ1/lq¢mu\1LLEJ‘I/]‘i/li‘lj’m(One-Attr1bute-Rule)!,‘W€Jllﬂflﬂﬂ‘Ll
o o ] ] { % I { o
Tuwalumsiinena sndediasu ms19h 2.33eyadn meoins suiludeyaniirlu14
° [ s 4 1 4 ] I [
msuugihdauneanlums lufnedviinas lldneannse lulasldanimermemiuilede
9 < Y1 A aa JA . g .
mﬂmaga%mu"lmm 5 UNNTVINAD Outlook, Temperature, Humidity, Windy iLg Play Tay
= AaaAa 4 I Y 1 an [ Aa KR ) o 1
NennsdIaPlay Wuaareihvue ludiuisnsveoaneI Ny OneRITIINTHUAIAIW

a 1 Aaa Jo {
N@W‘Ia'lﬂGllﬁNLLGmZLL'E]VWITU’JG]ﬂW]'IiN‘ﬁ 2.4



A13199 2300y adnINeINA

Outlook Temperature Humidity Windy Play
Sunny Hot High False No
Sunny Hot High True No

Overcast Hot High False Yes
Rainy Mild High False Yes
Rainy Cool Normal False Yes
Rainy Cool Normal True No

Overcast Cool Normal True Yes
Sunny Mild High False No
Sunny Cool Normal False Yes
Rainy Mild Normal False Yes
Sunny Mild Normal True Yes

Overcast Mild High True Yes

Overcast Hot Normal False Yes
Rainy Mild High True No

AN 2.4M TNV NVAANAINAI89ANDINY OneR

Attribute Rule Error Total Error

Outlook Sunny — No 2/5 4/14
Overcast — Yes 0/4
Rainy — Yes 2/5

Temperature Hot — No 2/4 5/14
Mild — Yes 2/6
Cool — Yes 1/4

Humidity High — No 3/7 4/14
Normal — Yes 1/7

Windy False — Yes 2/8 5/14

True —No

3/6
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{ 3 v aa J ' a
915199 2.4 91iiu 1@ e nn3 Tad0outlook t1ag Humidity iAanudanana
" W X g ' a { o a
samiufe 4/14 FuilumnnuAanaiatiosNga 9INUANNITUDI OneRAMITOAONIUONNS
a o 3 Y AaaAa d v 1 I & A a :{dy Y A Aaa o
1adlan 1avn 2 vennstaaasnanuuduTuea FInetinusi lataenienns dadOutlook

) 9
e 1FuaaailuTunadiodlasez1d 3 ng Al

IF Outlook = Sunny then No
IF Outlook = Overcastthen Yes

IF Outlook = Rainythen Yes

o v o d
24 ﬂ”l‘i‘%]!!‘l«!ﬂﬂﬁglﬂﬂeﬁﬂﬁgf,’lGQ’IJ’JfJﬂ{]ﬂ'J'IN@'NWHﬁ!!‘]JUﬂQN!ﬂ%{f’)

o o o

msadngmstinuniszinndeyad1onganuduRuSIUUAQUIAS Y50 FCARS

. . . .. o v ¥ > o
(Fuzzy Classification with Association Rules)Ineiia l1udrvzdsenonlddre 3 duneunan
(Pachet al.,2008; Alcala-Fdezet al., 2011; Fazzolariet al., 2013) (317 2.10) Aie 1.m13u1iauenay

Y I a 9 A Y 1 9 < 1 A
seauanuiluaunFndeyarsonistangy 2. msa31e lamumailsinguessuuunquiase 3.
) 0 9 Y ¥ o ¢ A & a '
MIATNNYMITMUNTLNNTOYAAIINYANNTUNUTUUVAUIATOTNI 1A IDIAVDIADY
?1‘1 a Y v dy
Juapuetuylanail
T @ I a
2.4.1 MsuanendoyaauszauaNuduaudn
a dy ?z}./ gd o = 9
pRaiug Ve uAouil e msimguHvesdadiunldlumslszuiana
o v o Jad % 1 4 . .
Tunsalvesmsiuniosdoyannunganuduiusniiudeyadavaorilo(Ishibuchict al.,
a o Aaa s @ [] 1 @
2001) Tnarnatinvosiadazinmsudaaennitrandudias Iieglugdunuvesnivesds
a ' aa o Y ' o a < 9

wilsiman sy tennitnney uiaslvedluzinuumvesdiulsganiyuiueigios o1y

3 1 < Il @ I a
1hunas nazergunmiludu tagdeyauaazuodnzgnulasliegluszauanuiuandn
?zl/ 9 Y ] ] d' o aa 4 Y ] 1 @
YD UFNIU 9 AI8AIE1UFY M13199 2.571msu)aauenniiidAge 1vogluziunuaivesdd
151590 181Age = Low, Age = Medium 1182 Age = High A9015199 2.6 (MIMAUATIUIUYDY

Y dd%l 5 Y X @ Il dy Yo ' @ a < o

sEauvoIaBIUOgR Ul 19 Fan1ndred19il lammuanvesdaanl s uilu 3 szav)uaz

1 1 I a 1T W a 3;} 1 v J
elafmg.an,mammwmaﬁmm’nmﬂuﬁmﬁvﬂﬂlmmmuﬂmmmymu ) 1¥U ADANY Age = Low

9
@ 1% I a T W a
YOI DYAUDMTNAD 0.9863 AaviinuedszauailuauIFnvesninusiFanmiAge
&2 A I a ' . . &2 A a o
= Low Haimanuluausngendi Age = Medium 11ag Age = High &allmaananilu 0.0127

1ag 0.001 AN



{ @ ] 1 o 1 @ I a
A1390 2.500yadreduneuiiMstlwenszauaNuiluaNFndIe FCM

Id Age
1 18
2 20
3 19
4 24
5 25

{ (J I v o ' @ < a
M3190 2.610YaRegnaIIINMILwenszaUANUIuAINFNAI8 FCM

Age
Id
Age = Low Age = Medium Age = High

1 0.9863 0.0127 0.001
2 0.0119 0.9862 0.0019
3 0.4996 0.49 0.0104
4 0.0074 0.0141 0.9785
5 0.0053 0.009 0.9857
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FS(<Z: A>)= N (2.6)

__ (min(Class)/N)
2

2.7)

n-CandidateFuzzy Itemsets = Number_of (ANB) =n—2 11 n>2(2.8)

. . .

1il B <Z: A>flo WadlotNuiaa (Fuzzy Ttem-Set) Taoh <z:

A
A>:[<Zi1: Ai,j>U<Zi2: Ai,j>U“'U<Ziq:Aiq,j>] o q <n+1
A W a ] I Y
Z;ADA MU TIFINTHUFU Age, Income 1Ay Balance 1 uaul
A @ a ] . . I Y
A; /910NN BUYY Low, Medium itag High iiuau
=3 % d'
tp A9 NIULBATUN k
9

N A9 1UIUNTIUUFAFUNINA
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e

Yo A

uaasdegamsmuummivayuve leiuaanuugamaio ldaeil auuai
doamsmamminayuveslofiuwaununguinie {Age = Medium, Income = Medium} 18
¥Foyaninmsaii 2.7 92185
FS({Age = Medium, Income =
Medium})=((0.0127*0)+(0.9862*0.9769)+(0.49*0.9773)+(0.0141*0.1849)+(0.009*0.0329))/5

FS({Age =Medium, Income = Medium})= 0.29

{ (J I [ < a .
A15190 2.7 ﬂ?@y‘a@3681ﬁﬁzﬂﬂﬂ31mﬂuﬁm1"]fﬂ"ll’é)\‘] Age = Mediumilaig Income = Medium

class
Age = Medium Income = Medium yes | no
0.0127 0 0 1
0.9862 0.9769 1 0
0.4900 0.9773 0 1
0.0141 0.1849 1 0
0.009 0.0329 1 0

Frequent fuzzy item set searching (an Apriori fuzzy implementation)
Input: DF fuzzy data
Output: the set of frequent fuzzy item set
Method:
1. Determine the supports of the classes by the distribution of classes;
2. Set the minimal fuzzy support () to the half of the minimum frequency of
classes;
3. Generate the 1- candidate fuzzy items;
4. Calculate FS values then select the frequent fuzzy items from the 1- candidate
which has FS >¥, and n = 2;
5. While there existsome n-1 size frequent item sets:

Generate the n—size candidate sets from n-1size frequents (and 1-size frequents);

g1 2. 11msads leusalsinguesuuunguias o(Pachet al., 2008)
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’J‘ﬁﬂﬁﬁiNﬂ;]ﬂﬂthTiJWHﬁLLU‘]JﬂQlJLﬂiEJWi@FCARsﬂzﬂmﬂﬂUﬂuWJﬂJ’a% 2.3.1

v v A o A o 9 = Y = v am J
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A

TnaiaziaonnYFCARs NUAINNUIYNULVVANIAT O(Fuzzy Confidence: FC) N1ANIIAIAIY
Y ) y

[ ' Y
Woruuuuauaietudniwnasilunisadiang FCARs (Bayardo et al., 1999; Hiihn et al,

2009)HATDAUIVAINNUFNU TA9 1N AUNITN 2.9(Pachet al., 2008)

FS(<X:A>U<Y:B>)
(2.9)
FS(<X:A>)

FC(<X:A>—><Y:B>)=

A A < A A Y A <
U9 <X:A> 70 'lamm%mmuaqmmamgmwwmmmﬂg uae <Y:B> "lamn

{ 1 % a Y Y @ ' o Y
IFALDUAGUIATONOYN NNV INYFINNHIWTAUTINTONTAIAIDE1IMTAIUI |

9
v A

A9l AuNAIIRDINITMIA1 Fuzzy Confidence Y9N3 ( Age=me, Inc=me ) =>(Class = yes) 1ng7

Tddoyaninaisieh 2.7

FC((Age=me, Inc=me ) => Class = yes) =

FS((0.9862*0.9769*1 + 0.0141*0.1849*1 + 0.009*0.0329*1)/5 )

((0.0127*0) + (0.9862*0.9769) + (0.49*0.9773) + (0.0141*0.1849) + (0.009*0.0329) )/5
=0.66

mnasiou 9 Aleuldlunisaiiang FCARs(Pachet al., 2008) Ao FCORR 130

. A I cq Y =2 @ v o 1 Aaa oA
Fuzzy Correlation(¥4N1312.10) WuwnannlFuendeseauanuauiusIEHI1aeNNnIUIAN

() 9 aa e’d‘ 19 LY = ] é 1
BYUNHTU then HAZUINNIVIANDYU AN then VOING NﬂTE]EJGl,HGH’N [-1, 1] «9A1UIN

2K A @ o a = [ 1 1 == [ o 4 @ 9
nnedaaNNFuRus 1 luianafeddy dauaaurnued i NuFuRUEas U INLaY
7 = = v o Jdw A . =i I3 saq Y
quawmam"lmmmﬁuwuﬁﬂuuaz BYi50Firing Strength(AUN1502.11) Wunann e
o w T ) % v W 14
VONINMAIUBINgH3 0919 FoNNAATUAYUVDING FI9ZAGIAURUINUH Support
FCORR(<X:A>—><Y:B>)

_ FS(<X:A>U<Y:B>)—FS(<X:A>)XFS(<Y:B>) 10
o \/FS(<X:A>)><(1—FS(<X:A>))><FS(<Y:B>)><(1—FS(<Y:B>))'\ 10)

B(<X:A>—<Y:B>)= X}, H<zi:AiJ->€<Z:A> te(z;)(2.11)

A A Aa JAxT &
1o X Av tenniuIANuAuLu A
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Ay Y

YNieVeINg UITHAN 2 MudmmInzIUY (Score) FWMEDIAIN IdvINauN 1T 2.91502.10

A A

U o A o v o J < 1 4
¥302.11dmU53MaN 3 himsdennganuduiusuuuaquinsentmnzuuwiuaiuInie

¥ 9 v
ahaflung Fears(Sou lvussiatinanzfums 19aunsi 2.10)

Fuzzy classification association rule (FCAR) generation

Input: a set of frequent fuzzy item sets

Output: positive correlated FCARs separated by size

Method:
1. Generate association rules with class label consequent from all
the frequent item sets to consider the size of item sets
2. Calculate the Score values of all the rules;

3. Select rules with positive Score value for all size;

g1 2.12m3 a3 wengAnuduRUSIHUUAQUIAT (Pachet al., 2008)

d A
2.5.1 amnlylumsiadssansamnvesluaa
cAq v a Ao Aad ¢ A P 9
mannlslssiiunalunulddeninamua 3 Muy AvNUNAIINYNADY
4 v o a 4
(Accuracy)!,ﬂm"lflﬂ’ﬂnﬂzﬂﬂiﬂﬂlﬂﬂﬂ;]LL‘lJ‘lJﬂﬂG](Normalized of Compact Value) LA INUNAIN
. J 3 Y <3| :{dy o Aa 9
IMNNZANUDING(Suitability of Rules)inaiainnugnaoudlumasinugiuia lunten s luau
) = 9 a a !dy Y @ cs'd ds@l d‘ Y [
Mirieatoya TUINg UL TUABINITINTIANTANNI 3N e THausnda
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aNunziasauazaNumzanaon1sti ) ldauvesTuaa 39 @ uenasimuandn 2
s o v o A o % ' o
NN A9 INUNANUNZNATAVINYUUDLNA HAZINUNAMUNMNZ AVYDING FIUAAZINAUA
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Nﬂ’J'lll’ﬂMTﬂlLa%ﬂ’J'liJﬁ'lﬂfUﬂW]@hlﬂu
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2.5.1 mmcﬁmmgﬂﬁ’m (Accuracy: Acc)

o v 3 QP 1 = o Y °
Lﬂm"ﬂﬂ'ﬂﬂgﬂ@’ENLTJ‘LlLﬂm“ﬂﬂi%ﬂﬁﬂﬂﬂﬂ\ii%ﬂﬂﬂ"ﬂnﬂ’J'liJQ.ﬂG]f]\ﬂuﬂ1iinl,LUﬂ

UszinndoyavedTuaan ldninnisdszuiana dsmuaa laninaunsh (2.12)

TP+TN
Acc= (2.12)
TP+ TN + FP + FN

1iJ® True Positive: TP A0 S1uIUToyafuIegnluFauinenarodiusu ns
o PAl £ 1 g < Y = 3 a
mneriheauniaitulsaveFwainamsaseaauuendniulsauei5939
True Negative: TN Ao $1u0udoyahiuiegnludavendiediasy n151iuie
U : ' [N <3 ' [N < a
qiheaunilenlidluTsauzdwdmwamsasraaouvenit hidlulsauziFenss
False Positive: FPA® 91u2udoyanvieialudiuin endredrasu n151iuig
U g < 1 [N <
qiheauniainilulsauzdwdwanisasaaaeouvenii bidulsauzsa

False Negative: FNA® 11 udeyaiiinneialuidsavendiediasy n151iuie

U - 1 g < ] <
dhenuniian lidlulsauzGwdmansasndeuvenindulsauzisa

252 Lﬂm‘fﬁﬂ’ﬂNﬂ$ﬁﬂ§ﬂ%@ﬂﬂ§]t£ﬂﬂﬂﬂa (Normalized of Compact Value: NCV)

[

¢ o o ag saq 9o ¥ o &
asianunziasavesnguuulndilumasinldiwenanudunutvessal
v o v am A ' I @ = 9 1 I Ay Y
ANUNZIATATEINgAUITMIUIBgszala & 1a91nA1 Compact Value: CV 1ilua1i 14
@ o Ay v ¢ o o a0 )
vinmsiusungi lannnisilszuiana laanasianunziasavesnguuulnamuin1a

NAFUMTN (2.13)

_ Avg(CV),,, —Avg(CV),, |
NCV AL = Zug(@w), ., —Avg(@V),, > 1)

Tagf NCVa A0 Aunziasavenguuuilnavesdanoiiy AL fAauls
AVE(CV) max AD ANRABDI CV RlIAIINTAGA
9y

AVg(CV) min AD AURABVDI CV NiATDEN A

Avg(CV) 4L A9 AUNDEBVYD CV vosdanesnunauly
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2.5.3 INUHNAMUINUIZANYDING (Suitability of Rules: SR)
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Avg(Acc),; +NCV 4y,

(2.14)
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A LNUIUIVBVDIQuinlan (1992) (BaNO3NY C4.5)

U UNUUIFBUDI Cohen (1995) (8aN©3 N1 RIPPER)

A UNUUITBYDIHOlte (1993) (5ANDINY OneR)
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o 9y v o

1 a { A v o
CAR umunguadteinetesiunssuunlsznndoyadrongainudunusisznousie

3 UNUAUITBVDY Liuet al. (1998)(8ano3Ny CBA)
9 UNUNUITBUDI Chen et al. (2006)(8aND3 NU GARC)

2 UNUNUITBUDI Hu and Li (2006)(8ane3 N1 OAC)

[ (2 o

FCAR inunguauiseiineadesiunsswuniszinnioyadionganuduiisuuy
= Y

AQUINI013ZNOUAY

% UNUIUITOVDIPachet al. (2008) (9aN©3 71 CFARC)

% UNUIUIVBUDIChen et al. (2008) (BAaND3NL CFAR)

Al UNUIUIVBUBIHithnandHiillermeier.(2009) (8ano3N1 FURIA)
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31 NSOUUMIAAVLIOAaND3 NN Classification with Compact Fuzzy Association

Rules (CCFAR)
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3.1.1 M3nsavdeLtoyaneun1slszuIana(DataScreening)

9 Ao 9 Y @9 o A ' )
Poyaninimnlszuranaszdeuiuvoyadiav tiesnindnlunisullasioya

9
Teglusdunuvesladigaiiu Wadzinsudasdeyaduavlfiiluseduvosnnuilu
v

MNFnueuAY qdIuteyagynIense Missing Value Yoyaanvuzainanszuvaz |

U Y U

D.

o J 1 . %
aunsalszanana lasuiuezdoudignszurumamsondoyanou (Pre-Processing) 39 03yah
9
o Y aa 4

e liszananaléiu azdedseneuaieennitiailtmune (Class Target) Tagay

' v ) o v W A Yy 9 A
pgnOANIgAMEDIAIT19 LAAIAIDE19AINIT1INN 3.1 9INA1TNzlsENUMeTYE 5 ONNS
a J Y Y =~ aa =
taauag 501 lunmsdszuranas: I9doyariios 4 1onn3 24 Ao Age, Income, Balancellay

& g AaAa @ Y 1 q Y AaaAa 4 1 AaaAa d v 1 I 9
ClaSSG]NLﬂ‘L!I,L@T]‘I/]T]J']G]Lﬂ'lﬁiﬂﬂ Lmi]gllll‘lclﬂlﬂﬂﬂﬁﬂjﬁld LWiT%'J'ILL@TW]TU'N]ﬂQﬂa’l')tﬂuﬂl@ialla

v 4
ﬁmuaﬂﬁwmﬂmmmgmﬁu

A 9y (J 1
M13°9N 3.1 VOUAAIDYT

Id Age Income Balance Class
1 18 10000 4000 2

2 20 18000 20000 1

3 19 17000 5000 2

4 24 20000 10000 1

5 25 22000 9000 1

3.1.2 mmﬂmﬂﬂ#’faga (Input Data Partitioning)

Ao 9

] 9 <3| o Yy ?IJI IS < 9
msutaendeyatlumsh Idveyaniniumlssanativianyazitudoya
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= a0 Ay ya o A= 9 A ' VoA ' ) Yt
puuWadiae Tasaudteil Ididensanesiu FCM mlsvemsuianguwsentisusndoyalni
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@ I @ I a ' = I Y 9 A I @
anvauzluszavvesnNuiuansn luwan1e o sazssunymveyanlanyaziiludiay

U

T A 9 @ 1 1 9 [ =i & vy d‘
Aaoiiodla Tasudadiodeinisuiiaendeyaninisiai 3.2- 345 l4doyanais1an 3.1

uag lamruaa1 k 1Y 3 130 3 52AUAD Low, Medium 14a¢ High
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A ' Y] v o A . .
AN 3.2 MILUNUINUVDYA Age Tilu 3 szav fio Low, Medium (tai¢ High

Age
Low Medium High
0.9863 0.0127 0.001
0.0119 0.9862 0.0019
0.4996 0.49 0.0104
0.0074 0.0141 0.9785
0.0053 0.009 0.9857

A ' Y] v v A . .
AN 3.3N1TUUYNUDYA Income Tilu 3 521 Ao Low, Medium ttai¢ High

Income
Low Medium High
1 0 0
0.0031 0.9769 0.0199
0.006 0.9773 0.0167
0.0111 0.1849 0.804
0.0045 0.0329 0.9626

A ' Y] RS o A . .
AT NN 3.4N1TUUILENUDID Balance Tmilu 3 szav Ao Low, Medium (tai¢ High

Balance
Low Medium High
0.9909 0.0081 0.001
0 0 1
0.9866 0.0123 0.0011
0.0081 0.9894 0.0025
0.0122 0.9857 0.002
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<3 ]
3.1.3 myase lorusaisingieenuunguias o (Frequent Fuzzy TtemSetCreation)

9 E4
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YAy 9 a v v o ax =<
GU“Ll@l’E]uuilg(l“]ﬂ‘ﬁﬂﬁﬁ'ﬂ\‘lllﬂﬂlﬂﬁl’)ﬂuﬂﬂﬂaﬂﬂiﬂﬂ CFARC (Pachet al., 2008) BN

[ 9 Y
uaasswazidoaluiden 2.4.2 Usznoudie 2 Tuasu fio MIMIAAULEYULLLAGUIAT DT
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o <] 1 { J v
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9 9 9
AT UAYUIUUAQUIATETUAT 910 2 TUADUAINANUUENNTaLEAIA10813 laaall Tagld

] 9 ' v
A19619910A15197 3.1 imsmasivayuuuaguaietusnromsunua luaunisi 2.7
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Y o A

vz ldmaivayuuuuaguniovus A 0.2

_@em
2

31; o 9 < o A A < o Y
i]'lﬂLl°L!‘I/]1ﬂ1§ﬁ§1\1]1€]L1/13JLC]5§5]ﬂLL611\1LLUUﬂqn&ﬂi@‘ﬂnGULH@] 1 "l,ammgazmmiuu

1 o A Y A @ [l Y ] A
AMTUUAYULUUAYUIATDAIYTNUNIIN 2.6llﬁ'ﬂ\1@]’36fJNf‘ﬂiﬁ“fiNLGlfG]ﬂi?ﬂgﬂﬂﬂllﬂﬂﬂ@i\lLﬂif)

Taglddoyannasned 3.2 -3.4 92 1aaan3197 3.5

= <3 1 ] A A <
a13197 3.5 loruaguasuuuaquinsonduwia 1 Tomy

1-CandidateFuzzy Items Fuzzy Support

Age=low 0.3021
Age=me 0.3024

Age=hi 0.3955

Inc=low 0.2050

Inc=me 0.4344

Inc=hi 0.3606

Bal=low 0.3996

Bal=me 0.3991

Bal=hi 0.2013

=

@ Z}J o ] { 1 @
WaanIniuinsiaen lomugauuuaguai oM@ UTYULLDAQUIAT

q Q

] = ~ <3 Y <3 A s @
UINNIT 0.2%391DA1T 1NN 3.5 ﬂzmu"lmw"lammcﬁmmmquLm"anmwmmauuaummu

A ' @ ?z}.z < 1 dy =] ' 3 ] A &
AQUIATONINNI 0.2 muu"lammwmamﬂzwﬂmw "lammcmﬂimguammUﬂqmma BIVES
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o 3 1 ] { < ] o ' o 4
i lladwlemuaaguisnuuaguaienivuie 2 lou(lagldnannisdug) vz laaeaisei

v ?1‘./ o =] { 1 @ ' :
3.6a00ntuhnmaden leusauuuaguias e NTMET DAY UIUDAUIASONINNT 0.2 392
v o 4 ) v < A < &
lananug 5 aaens1en 3. 7ud1hmsaigleuaaununquinioviia 3 lowiuTasd lo
< o v MY Y A 2 A oA o 3 vy =
iuageuraszyimasunu ldvzdeed lomuimdounu 1 lomuuaz 14doyaninaisied

) [ A
3.7 W 1AuaAIAIA15 199 3.8

1 v v

H o A < A Aa A '
GUu@]@]lﬂﬂ'lﬂ'lila'f]ﬂVl@lfi/]lll“]f@]LUJ'1Jﬂqulﬂﬁ@ﬂNﬂTﬁuﬂﬁHullﬂﬂﬂQNmi@ll’lﬂﬂ')’l

Yo A 1A o Y Y < A AaA <
0.2 92 1Aasa1319% 3.8 wan i lumsaiglemuaaununquinsontauia 4 lomuira

[ 9 9 A 3 ] A < = ~
Tuawnsoadelamszmae lousalsinguesnuunguiniovia 3 leruisusanen

A 3 1 1 A Aa <
A1TNNN 3.61@Lﬂﬂlﬁﬁﬂllﬂlﬂllﬂﬂﬂqumi'f]‘]/liJ‘Uu’lﬂ 2 ]l@l,'i/liJ

2-CandidateFuzzy Items Fuzzy Support

Age=low, Inc=low 0.1979
Age=low, Inc=me 0.1003
Age=low, Inc=hi 0.0039
Age=me, Inc=low 0.0038
Age=me, Inc=me 0.2891
Age=me, Inc=hi 0.0096
Age=hi, Inc=low 0.0033
Age=hi, Inc=me 0.0451
Age=hi, Inc=hi 0.3472
Age=low, Bal=low 0.2941
Age=low, Bal=me 0.0053
Age=low, Bal=hi 0.0027
Age=me, Bal=low 0.0993
Age=me, Bal=me 0.0058
Age=me, Bal=hi 0.1974
Age=hi, Bal=low 0.0063
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M13197 3.6 lotiuwaguasuuunquinsontvua 2 Tou (Ao)
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2-CandidateFuzzy Items Fuzzy Support

Age=hi, Bal=me 0.3880
Age=hi, Bal=hi 0.0013
Inc=low, Bal=low 0.1994
Inc=low, Bal=me 0.0047
Inc=low, Bal=hi 0.0008
Inc=me, Bal=low 0.1932
Inc=me, Bal=me 0.0455
Inc=me, Bal=hi 0.1957
Inc=hi, Bal=low 0.0070
Inc=hi, Bal=me 0.3489
Inc=hi, Bal=hi 0.0048

< < 1 N = <
M13199 3.7 lormuailsnguesuuuagquinentivuia 2 Toriy

2- Frequent Fuzzy Items Fuzzy Support

Age=me, Inc=me 0.2891

Age=hi, Inc=hi 0.3472

Age=low, Bal=low 0.2941

Age=hi, Bal=me 0.3880

Inc=hi, Bal=me 0.3489

m3i 3.8leftuanguianaguaieiifiving 3 leift

3-CandidateFuzzy Items Fuzzy Support

Age=hi, Inc=hi, Bal=me 0.3427




39

A < T A ://
A1TNN 3.9]1@&1/]%L%G]ﬂi'lﬂ;]ﬂ@ﬂllﬂﬂﬂ@lllﬂi@ﬂ\THiJﬂ

Frequent Fuzzy Items Fuzzy Support
Age=low 0.3021
Age=me 0.3024

Age=hi 0.3955
Inc=low 0.2050
Inc=me 0.4344
Inc=hi 0.3606
Bal=low 0.3996
Bal=me 0.3991
Bal=hi 0.2013
Age=me, Inc=me 0.2891
Age=hi, Inc=hi 0.3472
Age=low, Bal=low 0.2941
Age=hi, Bal=me 0.3880
Inc=hi, Bal=me 0.3489
Age=hi, Inc=hi, Bal=me 0.3427

o o o  J
3.1.4 M5 19NYNITTMUNAINYANNFUAUTHDUAQUIATO(FCARs Generation:

Fuzzy Classification Association Rule Generation)

H A A o ¥ ) ! ) ¥ <
10 3 VUADUNWIUUT AD NITHIVDUALU ﬂ’lill'ﬂ\?llﬂﬂﬂl@ialla !Lagﬂ'ﬁﬁi’l\ivt@ﬁﬂn

K1)

[ 9 [
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' a3 g @ A o < '
wailsingiesunuaguinse Yuaoui 4 hiluvuaouminerloimaailsingiesnyy

D.

A ?1’/ 9 I [ v J A A = ?1‘1 Y ]
AQUIATOININANIAI N UNYANUAURUTHUUAQUIATOHIOFCARs UTUADUNTA3 197317
2 e Yas %} Y v o w A = ]
2.10Tpavunautiag1935Msaiuna1enunUeanaI Ny CFARC (Pachet al., 2008) H99L 831904
< . a2 - v Y
FCARs fum"lammcmﬂiwﬂguaﬂLLUUﬂqugﬂiawqmm (915199 3.9) eaaathviuie (aane 1
~ Y A 1 awv d,; P ~
uaz 2)Iaefing FCARs 92Ap9liA1nz 1Y (Score) 11NN1 0 azuIded 1a 1aunish 3.1 Tu

MIAIUINAIALLUUFIVUANAININITUDIDaNDINU CFARC (AUN15AIUIU FCORR, FC

11aeFiring-strengthua@ad luuni 2 aun1si 2.9 99 2.11)
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Score = FCORR X FC X Firing_strength(3.1)

< o Y Y 0 Yo a
1InM13199 3.9 11 Tadrang FCARs dremsdnaazuuuag 1adenisnai 3.10

v v Y
uazihimsna@enng FCARs Nliaziuuunnd1 0 Tagng FCARs Ngnaadonianuauaadng

A1319N 3.11

v 9
M1379% 3.10n§) FCARs Nanuauaz Az

FCARs Score
Age=low -=> 1 -3.1260e-04
Age=low -> 2 1.1459
Age=me -=> 1 0.0611
Age=me -> 2 -0.0152
Age=hi -> 1 1.2725
Age=hi -> 2 -4.2833e-05
Inc=low -=> 1 -2.0817e-04
Inc=low -> 2 0.5953
Inc=me -> 1 -0.0587
Inc=me -> 2 0.0393
Inc=hi -> 1 1.0602
Inc=hi -> ) -9.2857e-05
Bal=low -> 1 -2.0367e-04
Bal=low -> 2 1.9225
Bal=me -> 1 1.2677
Bal=me -> 2 -1.3503e-04
Bal=hi -> 1 0.4088
Bal=hi -> 2 -1.7274e-06
Age=me, Inc=me -> 1 0.0577
Age=me, Inc=me ->2 -0.0142
Age=hi, Inc=hi -> 1 1.0330
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15190 3.10n§ FCARs NIHVALAZASLUUU (A1D)
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FCARs Score

Age=hi, Inc=hi -> 2 -1.0426e-08

Age=low, Bal=low -=>1 -8.3168e-09
Age=low, Bal=low -> 2 1.1619
Age=hi, Bal=me ->1 1.2608

Age=hi, Bal=me -> 2 -6.1730e-09
Inc=hi, Bal=me -> 1 1.0421

Inc=hi, Bal=me ->2 -1.4372¢-08
Age=hi, Inc=hi, Bal=me -=>1 1.0104

Age=hi, Inc=hi, Bal=me -> 2 -1.5702¢-12

319 3.11n9 FCARs ANAZILUINAT 0

FCARs Score
Age=low -> 2 1.1459
Age=me -=> 1 0.0611
Age=hi -> 1 1.2725
Inc=low -> 9 0.5953
Inc=me -> 2 0.0393
Inc=hi -> 1 1.0602
Bal=low -> 2 1.9225
Bal=me -> 1 1.2677
Bal=hi -> 1 0.4088
Age=me, Inc=me -=> 1 0.0577
Age=hi, Inc=hi -=> 1 1.0330
Age=low, Bal=low -> 2 1.1619
Age=hi, Bal=me -=> 1 1.2608
Inc=hi, Bal=me > 1 1.0421
Age=hi, Inc=hi, Bal=me -> 1 1.0104
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o [ Y 4
3.1.5 M3LAONNYNITTIMUNAIINYANNAURUTUUUAQUIATE (FCARs  Selection:

Fuzzy Classification Association Rule Selection)

9 v 9
o/ = <)

9

< o a @
Juaoud 5 iluduneunisidenng FCARs li1danuTaelidsnsdaiden 4
9 ] v 9
o 1 [ = =2 a Yo A
TuAUGeAdFUN 3.239d 115005118 Iaaall

2 ' v A < o A 9y o 4 Y
TJuaoudosusn Vssnan 1 unmsmimuanisuduvesaans k e ldlunis
3 o A o A J o A o (= AA A
musungiegluussian s damussiah 2 himsaa@enn)FCARs NlMazLULINTga

1 1 9 J o Y o [} d' é
VOUARZANTLAZUAAZYUIAAOWINTU find_top_rules Aoz 1¥619819910015199 3.11 ¥4

an o ' o Y v Jo A
i]'lﬂ"J‘ﬁﬂ'liﬂ\?ﬂa'l’lilﬁ/]ﬂﬁﬂlﬂwam/\l“ﬁﬂ\?ﬁWiNﬂ 3.12

M1319% 3.12nFCARs NUAAZIUUINNNGAYRIMaZAAITIAZLIAAZUUIA

FCARs Score
Age=hi -> 1 1.2725
Bal=low -> 2 1.9225
Age=low, Bal=low -> 2 1.1619
Age=hi, Bal=me -=> 1 1.2608
Age=hi, Inc=hi, Bal=me -> 1 1.0104

?z‘; 1 4 ] { ] { 1 aa I'd o
TUADUIDINADI VITNAN 3 A0 N1TUUANNDUDILAALUBNNT VIALAZNING

A Aa Jaa = A P J o @ ! Y A
La@ﬂlLEJTW]TU"JGW]iJﬂ'JHJﬂ?ﬂﬂVIEI@@’JEJ‘N\?ﬂ“]fu ﬁnd_max_frequentll’ﬁﬂﬂ@]?]@‘('JNllﬂﬁ]’lﬂG]131\‘]‘1/]

4

Y o A 1 aa Y o A < Y dcgld
3.12 @’I’JEJﬂWiHUﬂ’JﬁJﬂ"U’ENLLG]ﬁ%LLEJTITI?TJ’JG]%%“@@NG]H’NVI 3.13 wmu"lmﬂuﬂimum
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AANNDEIEA 2 LonnsuaniaNuu 4 Iﬂillﬂiﬂﬂ$ﬂ1ﬂ1iqnlaﬂﬂﬂ1 1 LLONNTUIN dNUA
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[ [] = 9 AaaAa o AaaAa J v 1 dy 9 S d o =
Mg ilgula uenniindBalance Nazihwenniindainani lilfithunasidaaenng lu

Y
Tunoudosna 11l
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AlgorithmFuzzy Classification_Association_Rule Selection

Input:

F: a set of FCARs.

FS: a set of size of FCARs.

FC: a set of class of FCARs.

FScore: a set of score of FCARs.

Attributes: a set of all attributes.

Output:

CF: the Compact FCARs

(2)
(3)
(4)

(5)
(6)

(7)

k=0
TopF= find_top_rules(F, FS, FC, FScore)
Attr = find_max_frequent(TopF) // Attr is the best attribute
for each items €Attr { // Structure of Attr {attribute-
low,//attribute-medium,attribute-high}

BFy = find_best_rules(items, F,FC, FScore, Attributes);

k =k+1; //BFisan array}

CF =remove_redundant_rules(BF) // remove rules that are

superset in antecedent part (left-hand-side) with the same
class as other rules

9
CY

JUN 3.2 T

aoumstaonng FCARstio1h 115 umsiihnnedoyadiesanesiiu CCFAR
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13197 3.13 TUIUANVDVOIUAALUONNT DA

Attribute Item Frequency
Age Age=hi, Age=low, Age=hi,
Age=hi *
Income Inc=hi 1
Balance Bal=low, Bal=low, Bal=me,
Bal=me *

1 Z}; ] d’ [ d' A [ A d’dd’ 9 1

AITUADUIDINAIN UITNAN 4-6 AD NIAALABANY FCARSNANGAAIBNIT A
] <3 %] % { Z 1 { %
uaaz lou@auals items) voadduils Atr 7189105z uranaludunsudesnass 41910
@ 1 ~ 9y A Aaa o [ Z; 1 < Aaa 4 A
f10819N 14 Ao ueNMNIUIABalance AN UuAaz loNUYDILBNNTTI¢ Balance o
. U ] Jd v . A o v A =i
Bal=lowBal=me (8¢ Bal=hi ﬂzgﬂmmuﬁmw find_best_rulestWoninisnaiaonng FCARs
aa d?z}/ [ ~ (Y ] Y ~ =< aa st =
anga Taglivunouasgli 3.5 nazuansdio1e 1a9na15199 3.13F e nn3 1aaniaudun
A Ay Y aa S o A aa o o
Nganlannuenns aa luansu find max_frequent 7o 11ONN3 U@Balance 11/5UNTNLH
[ 1 A Y . 2 v [ A
N139ANQNNY FCARs NsznouAle Bal=lowBal=me itag Bal=hi Iﬂﬁli]%blﬂ 3 NN ANAIT N
1 A (D=} ~ 9 A A .
3.14-3.16 LLG]‘IUﬂimVIUliJZJﬂg] FCARs N11/52no1A28 Bal=low %30 Bal=me %i3® Bal=hi
[ a K dy o 9 [ 1 49! ] v (=} d' Y .
anoinnilazihnisadiengaenandunlvi ssu liling FCARs N5z nouaioBal=hi
v a R dy K A . . v o A A
9aneINNUILAINNG 2 Ng) A0 Ng Bal=hi -> 1 uay ng Bal=hi ->2 uAILMIN5IABANYNNA
9 " ]

AZUUUFIFA LAzVATUNTAVOUADZNGUIINAIT 19N 3.14 D9 3.15 UAAAIDENMITIRONNY

Y o ~ = d v 7 o Aa X dy 1Y A Aa = o Id
1aaa15191 3.17 Fuiunguadwsvesdanesiuil uadiing FCARs Nilavoiaeanuiiy

o

a A < Y 9 A = = Y o a R cgl
FUIFNUDING FCARs U (VI,EJL‘I/IN‘I/lNﬂﬁ!GmEJIJ@GII@Qﬂ;]) LQZUADAAYINU DANDINUUILNN
EY

M31denng FCARs Nvnaduiiga ona2ed19u 1ng Age=hi, Bal=me ->1 i1 Ng) Bal=me -

@ a R dy o A Y o ~ =
>1 2ANDINUUITNINITIADNNG Bal=me ->1 3Jﬂ“lﬁ/ﬂlﬂﬁllWENﬂ§]LﬂEJ’J
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A13797 3.14n5) FCARs N1/52n0UA28 Bal=low

FCARs Score
Bal=low -> 2 1.9225
Age=low, Bal=low -> 2 1.1619

A13799 3.15n5) FCARs f11/52no1d 20 Bal=me

FCARs Score
Bal=me -> 1 1.2677
Age=hi, Bal=me -=> 1 1.2608
Inc=hi, Bal=me -=> 1 1.0421
Age=hi, Inc=hi, Bal=me -> 1 1.0104

A1379% 3.16n5) FCARs f1/52noud20 Bal=hi

FCARs Score

Bal=hi -> 1 0.4088

A1379% 3.17 N FCARs N1 lumsiine

FCARs Score

Bal=low -> 2 1.9225
Bal=me ->1 1.2677

Bal=hi -> 1 0.4088

: y 3 oA = S o
daugamevunpugesi 4 UssNan 7 1umsaungnlanyuzs1¥oU (Remove
4 o o v g Aoy o o Ao .
Redundant Rules) Tagngnazinmsay liiuszdesilungniittsdinunungdu (mieiFonn
A < A v 1A kY = A Y J ' '
AU Superset YBANG DY) UazngAInanNammigNmloun Y sndiod 1Y
ﬂ;]‘ﬁ 1: Age =low ->yes,

ﬂ;]‘ﬁ 2: Age = low and Bal = high -> yes
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Procedurefind_top_rules

Input:

F: a set of FCARs.

FS: a set of size of FCARs.

FC: a set of class of FCARs.
FScore: a set of score of FCARs.
Output:

TopF: a set of FCARSs that max score.

(1) SF=|F| //number ofrules

(2) SR=max (FS) //maxsizerule

(3) MC = |unique(FC)| //number of class
4) k=0

(5) for(c=1;c<=MC; c++){

(6) for(s=1; s <=SR; s ++){

(7 for(i=1;i<=SF;i++){

(8) If FC; == c&&FS; == s&&F; == max(FScore){
9 TopF, =F;; k=k+1;
(10) }3}}}

(11) return TopF

3 Ui 3.3 Warddu find top_rules
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D.

%

J o @ I J { o Y { '
WanFufind_max_frequent A331/9 3.4 uladgunmmsiuaiudvesas

Aaa o o A Aaa P = ~ v A I = <3
UDNNITUIALALNINITLADNUDNNTUIANUAINUDUINNEGA Iﬂﬂﬂiiﬂﬂﬂ 2-4 lﬂuﬂ’liﬂ\ivlﬂlﬂﬂ

q

A A Y A o A vy 3 A
LL“]J‘]JﬂﬁquLﬂi’E]VI’E]QVINGﬁWEJME)"ll@x‘]ﬂ%]ll'l@]i?]i]’ﬁ@ﬂiﬂﬂiiﬂﬂﬂ 5 ’J'lﬂWUlEJ!‘VliJLL‘]J‘]JﬂQ‘JJLﬂi@Glﬂ 9
9

I a AaaAa L a Y o A 1 % 1 aa ’d 4 o 1
lﬂuﬁﬂ'l“lfﬂﬂl@ﬂll@ﬂﬂiﬂ?@ﬂﬂ N Gl’ﬂ‘Vl'lﬂ'lil‘W nmmﬂwﬁmﬂum/mmmuu lﬁ@‘]/l'lﬂ'liﬂ'lﬂ'l

Aa JaA = =i o U ' @ o A
uwmmwnmmanmmqﬂuazmmimmﬂaﬂumww 10

Procedurefind_max_frequent

Input:
TopF: a set of FCARs that max score.
Attributes: a set of all attributes.
Output:

Attr: the best attribute

(1) count=0

(2) foreachruleR € TopF {// Risrule

3) for each LHS € R { // LHS: left hand side Items of rules
(4) for each item € LHS {
(5) Ifitem € a,{// a4,a,,...,a, € Atrributes

(6)  ay.count +1
(7) }

@ 113}

(9)  Attr = max (ay. count)

(10) return Attr

%

3.4 Wandu find max_frequent

&an
[l
).



49

(%

O’QJ o { d 14 4 o ol {
WanBufind_best_rules 4317 3.5 iluilansuniinisaadenng FCARsNA

=i o A o = < A A P Y A
Wq@IﬂﬂUiiﬂﬂﬂ 2-3 Tl'lﬂ'liﬂ\‘lllﬂlﬂulcﬁﬁllﬂﬂﬂqnlﬂiE]VI'E]EJVI’I\?@’IH%’IEJ?J@QI@QT]@] yImIdaOUu

U

o A o < { J v ' <
(wssian 4) Aulemunvuagquiasen lav1nWendu find max_frequent 3181 lotuu

A < a < A A Yy Y A a Y o
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Functionfind_best_rules

Input:

items: attribute-partition (partition: low, medium, high)

F: a set of FCARs.

FScore: a set of score of FCARs.

Output:

BF is the best FCARs

(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
€)
(10)
(11)

(12)
(13)

k=0

for each rule R; €F{ // Risrule: LHS -> RHS

for each LHSER; { // LHS:left hand side Items of rules
If subset(LHS, item) {

RGroup, =R;

SGroup; = FScore; ; k = k+1;

B3

Index =max (SGroup)// find index of max score

BF = RGroup(ingex)

IfBF=Q {

BF = create_rule(item) \\ create new rule that has the item
\\ as subset and does not care minimum support.

}

return BF

3 Ui 3.5Maf find best rules
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3.{ﬁ}‘l{i3ﬂﬂﬁ\1 1%}Lﬂm"ﬁFiring Strengthil&ﬂﬁﬁ%Nﬂ;]FCARs

4.{FCORR, FC}’mﬂ‘c’JaQ {l%iﬂm“ﬁ}Fuzzy Correlation ﬂmfﬁJFuzzy Confidence Tun13
a519ng) FCARs

5.{FC,ﬁ}WiﬂﬂﬁQi%}Lﬂm“ﬁFuzzy Confidence ﬂmfﬁj Firing Strengthiﬂﬂﬁﬁ%NﬂQ
FCARs

6. {FCORR, ,B}Wllwﬁﬂ‘]’f}mm"ﬁFuzzy Correlationﬂmﬁ‘u Firing Strengthﬁlumiﬁ%}Nﬂa
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Firing Strengthiu M3e31en f) FCARs

9 q Y S 9 o Ay v . . . a
doyanlFlunmsnaaeuiudoyaduauilavin UCI Machine Learning Repository)

?1}1 9 2~ = [ A A Y [ A
MIHUA 5 YAVDYAGININWWALIDYAAIATIT NN 4.1 l,!,a%Na'i/lllﬂi]'lﬂﬂ'lﬁﬂﬂ'ﬁ@ﬂllﬁﬂ\?ﬂ\?@ni'lﬂﬂ 4.2

ez 4.3 aumiialszansn s 10 Fold Cross-Validation

A 9 A a a @ a R
AT NN 4.1 61]63;!61‘1/]1“191}11!ﬂ'li‘Vlﬂﬁ@ﬂﬂi%ﬁ%‘ﬁﬂ'lwell@\‘i@aﬂ@i%u CCFAR

%aﬂ;@%’aga IUIULDT HuauneaNd NUIUAMH
Iris 150 4 3
Heart 270 13 2
Pima 768 8 2
Pupa 345 6 2
Transfusion 748 4 2
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iz audms UM 3190y FCARs ¥998an03 911 CCFAR
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{FC} 0.96 0.78182 0.69653 0.55437 0.61493 0.72153
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{FCORR, FC} 0.96 0.78182 0.74609 0.50193 0.62427 0.72282
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{FC, B} 096 | 078182 | 0.62632 | 0.57983 | 0.73872 | 0.73733
{FCORR, FC,(3} 0.96 0.78182 0.74609 0.53336 0.70049 0.74435
(nnema Seyanvmduld mnefeyaiiiunniigadmsuyadoyaiu 9)
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dmFuMsa319ng FCARs ¥099anes il CCFAR

i 19luns Foyatoya

naaoU 3
Iris Heart Pima Pupa Transfusion Ny
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B}, 3 3 3 3 3 3
{FCORR, FC} 3 3 4 3 3 3.2
{FCORR, 5} 3 3 3.2 3 3 3.04
{FC, B} 3 3 4 3 3 3.2
{FCORR, FC,(3} 3 3 4 3 3 3.2
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wery high Overlapping
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AT 4.400NTNATOVAINIINYNADIVOINTTMUNTDYAMIWEN BT NMTNTZII0ToYA
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%NaNTUKAD

%clear all;
clc

path(path,'C:\Program FilesMATLAB\R2013b\toolbox\FUZZCLUST");

%the data

filename = ‘filename.txt';

delimiterln =",";
headerlinesIn = 1;

A = importdata(filename,delimiterIn,headerlinesln);

datal = A.data;
s = size(datal);

class = datal(;,end);

%# define class from your dataset
%*# pima=1and2,test=0, 1
defined_class = sort(unique(class));
fori=1:length(defined_class)
defclass{i} = defined class(i);

end

%# fuzzyness with membership function

[testdata, traindata] = fuzzyness2(datal,s);

%# define Kfold

k=10;
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cvFolds = crossvalind('Kfold', class, k);
%# start cross-validation
collect_acc =[];

collect_rule = 0;

fori = 1:k %# for each fold
testldx = (cvFolds == i); %# get indices of test instances
trainldx = ~testldx; %# get indices training instances

train_new = traindata(trainldx,:);
train_row = size(train_new);
train_class = class(trainldx);
%*# compute min-support
for j=1:length(defclass)
comp_class(j) = sum(train_class==defclass{j});
end
minclass = defclass{ comp_class == min(comp_class) };

min_sup = ( length(train_class(train_class==minclass))/train_row(1) )/2

%t disp(' main ";

[rules, num_rule] = CCFAR(train_new(:) , train_row(1), min_sup, s, class(trainldx),
defclass, A.colheaders);

collect_rule = collect_rule+num_rule;

%# disp(' performance ";
test_new =testdata(testIdx,:);

test_class = class(testIdx);

Acc = performance(test new, rules, test class);

collect_acc = vertcat(collect _ace, Acc);

str = ['Accuracy =', num2str(Acc)];

disp(str);

end
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%t disp(' Show ACC
collect_acc

collect_rule = (collect_rule/k)

str = ['Mean-Accuracy =', num2str(mean(collect_acc))];

disp(str);
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% Wan%U CCFAR

function [Bestrules, num_rule] = CCFAR (item , row, min_sup, s, class, defclass, Atrr_name)
fori=1:3*(s(2)-1)
pack 1{i} =1i;

end

[item 1, sup_1] = find_sup(item , pack 1, row); %# find support of 1-itemset
fre litem =item_1(sup_ 1 >min_sup); %# find frequent 1-itemset
sup_litem =sup_1(sup 1 >min_sup);

disp('fre_litem =");

disp(fre_litem);

disp(sup_litem);

[combi 2] = combi2item(s,fre litem);

[item 2, sup 2] = find_sup(item , combi_ 2, row);%# find support of 2-itemset
fre 2item = item_2(sup_2 >min_sup); %# find 2-frequent itemset
sup_2item = sup_2(sup 2 >min_sup);

disp('fre_2item =');

fre 2item{:}

disp(sup_2item);

pack{l} = zeros(1,10);
pack{1}(1)=1;
freq{1} =fre litem;
supp{1} =sup_litem;
freq{2} =fre 2item;

supp{2} =sup_2item;




78

%# find frequent itemset more than 2 item
fori=1:1
pack = combi_item(freq{i+1},i-1);
if pack{1}(1)~=0

[citem, support] = find_sup(item , pack, row);
di = ['fre_',;num2str((i+2)),'item ="];
disp(di);
freq{i+2} = citem(support >min_sup);
supp{i+2} = support(support >min_sup);
freq{i+2} {:}
disp('Support =);
disp(supp{i+2});
else
break;
end

end

%find Score + pruning step 1

%fixed 2 item

k=1;

mm =0;

data_rule{1} = [];

data_score = [];

data_class =[];

fori=1:length(freq)

if ~isempty(freq{i})
[positive rule, positive score, max_rule, max_score, max_class] = find_score(item ,

freq{i}, row, class, supp{i}, defclass);
%*# pack max score

if ~isempty(max_rule)
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for ii=1:length(max_rule)
if ~isempty( max_rule )
data_rule{k} = max_rule{ii};
data_score = vertcat(data_score , max_score(ii));
data_class = vertcat(data_class , max_class(ii));
k=k+1;
end
end
end
%# pack positive rules
for iii=1:length(defclass)
kk =1;
ifi> 1
mm = length(all positive rule{iii});
end
if ~isempty(positive_rule {iii})
forjjj=1:length(positive rule{iii})
all_positive rule{iii}(:,:,kk+mm) = positive rule{iii}(:,:,jjj);
all_positive score{iii}(:,:,kk+mm) = positive score{iii}(:,:,jjj);
kk = kk+1;
end
end
end
end

end
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% #disp(' My-Prunningstep ;
[prule, pclass] = my prunning(data_rule, all_positive rule, all_positive_score, defclass, row,
item, class);
[bestR, bestclass] = cut_redundancy rule(prule, pclass, defclass)
Bestrules = zeros(15,10);
m=1;
k=1;
fori=1:length(bestclass)
if ~isempty(bestR {i})
len = length(bestR {i} {:});
Bestrules(m,1: len) = bestR{i} {:}
% convert rule form if 1,2 then 1 to if Age = low, Inc = Me then 1
%transRule(m,1: len) = floor( bestR{i}{:}/3)

for j=1:len

%Change number to name-attr
Rule{m} {j} = Atrr_name( floor( (bestR{i} {1}(1,j)-1)/3)+1 ); %+2 cuase start from 0

%degree of attribute
if mod( bestR{i}{1}(1,j),3)==0
degreeRule2 {m} {j} = 'High';
elseif mod( bestR{i} {1}(1,j),3)==1
degreeRule2{m} {j} = 'Low";
elseif mod( bestR{i} {1}(1,j),3)==2
degreeRule2 {m} {j} = 'Medium’;
end
end
Rule{m}{len+1} = {'then'};
Rule{m}{len+2} = num2str( bestclass{i} );
Rule{m}{:}
degreeRule2 {m} {:}

Bestrules(m,end-1:end ) = [lenbestclass{i}];
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m=m+1;
end

end

%*# pack rules

num_rule =m-1;

disp('Rules =");

disp(Bestrules);

fori=1:length(Rule)

sprintf('Rules = %d', i)

frist = [];

for j=1:length(Rule{i})

if j =—

frist = strcat(Rule{i} {j}, '=', degreeRule2{i} {j});
elseif j <= (Iength(Rule{i})- 2)

frist = strcat(frist,',’, Rule{i} {j}, '=', degreeRule2{i} {j});
else

frist = strcat(frist, {''} ,Rule{i} {j});

end

end

disp(frist);

end

end
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%% an fuzzyness2

function [test,item] = fuzzyness2(datal,s)
item = [];
new_group =[];
fori=1:s(2)-1

[prev_group,prev_data] = mbfunction(i,datal);
item = horzcat(item ,prev_data);
new_group = horzcat(new_group ,prev_group);

end

%# change groupdata Ex [132;22 1]->[168;257]
fori=1:s(2)-1

for j=1:length(new_group)

test(j, i) =new _group(j,i)+ (({-1)*3);

end

end

end
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%51 mbfunction
function [group,fuzzyset] = mbfunction(x,datal)
data. X = datal(:,[x]);

%parameters
param.c=3;
param.m=1;
param.e=le-4;
%normalas = 1;
param.val=1;
data=clust normalize(data,'range');
result = FCMclust(data,param);
param.c = result.data.f; %#ok<STRNU>
fuzzyset = [result.data.f{(:,2) result.data.f(:,3) result.data.f(:,1)];
%choose cluster
group = [];
fori=1:length(fuzzyset)
iffuzzyset(i,1) == max(fuzzyset(i,1:3))
group = vertcat(group,[1]);
elseiffuzzyset(i,2) == max(fuzzyset(i,1:3))
group = vertcat(group,[2]);
elseiffuzzyset(i,3) == max(fuzzyset(i,1:3))
group = vertcat(group,[3]);
end
end

end
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%WINY¥U mbfunction

function [two_item,sup 2item] = find sup(item , pack, row)

%find support
k=1;
fori=1:length(pack)
if pack{i}(1) ~=0

p = pack{ij;
two_item{k} = pack{i};
for j=1:length(pack{1})

if p(j) ==

index_item(:,:,j) = item(p(j):row, 1);

else

index_item(:,:,j) = item(((p(j)-1)*row)+1:p(j) *row, 1);
end

end

sup_2item(k) = sum(prod(index_item,3))/row ;
k=k+1;

end

end

end
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%WINFU find_sup

function [two_item,sup 2item] = find sup(item , pack, row)

%find support
k=1;
fori=1:length(pack)
if pack{i}(1) ~=0

p = pack{ij;
two_item{k} = pack{i};
for j=1:length(pack{1})

if p(j) ==

index_item(:,:,j) = item(p(j):row,1);

else

index_item(:,:,j) = item(((p(j)-1)*row)~+1:p(j) *row, 1);
end

end

sup_2item(k) = sum(prod(index_item,3))/row ;
k=k+1;

end

end

end
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% WaAFU combi2item
function pack = combi2item(s,f1)
num_attr = (s(2)-1)*3; %3 partition
cl =[lL:num_attr];
¢2 =[l:num_attr];
¢3 =[l:num_attr];

p id=1;
pack 1=[];
fori=1:length(f1)
pack 1 = vertcat(pack 1 ,f1{i});
end
sdiff = setdiff{c1,pack 1);
1=1;
%combination 2 itemset, fuzzy 3 partition
%check pairex. {1} {3} = {1,3}
whilei<num_attr

if ((mod(1,3))==0)

1=1+1;

else

cl(i+1)=0;

cl(i+2) =0;
cl;

for j = i:cl(end)

if c1() ~= 0 && c1(i) ~= c1(j)
newcl = [c1() c1()];

pack{p id} = newcl;

p_id =p_id+1;

end

end

c2(1) = 0;
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c2(i+2) =0;
c2;
for k =i+1:c2(end)
if c2(k) ~= 0 && c2(i+1) ~= c2(k)
newc?2 = [c2(i+1) c2(k)];
pack{p_id} = newc2;
p_id=p id+1;
end
end
c3(i) =0;c3(i+1)=0; c3;
for m = i+2:c3(end)
if c3(m) ~= 0 && c3(i+2) ~= c3(m)
newc3 = [c3(1+2) c3(m)];
pack{p_id} = newc3;
p_id=p_id+1;
end
end
pack{:};
1=11+2;
end
end
fori =1:length(pack)
for j =1:length(sdiff)
member = ismember(pack{i}, sdiff(j));
if member(1) == 1 || member(2) == 1
pack{i} = [0, 0];
end
end
end

end
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% combi_item

function pack = combi_item(fre 2item,checksubset)

com bi3 =[]; k=1;

fori =1:(length(fre 2item)-1)

for j = (i+1):length(fre_2item)

if sum(ismember(fre 2item{i}, fre 2item{j})) >checksubset
combi_3 = union(fre_2item{i},fre 2item{j});
com_bi3 = vertcat(com_bi3, combi_3); k =k+1;

else

continue;

end

end

end

pack{1} = zeros(1,10);

% revmove duplicate set and add to list {} and

% check pair ex. {1,7} {1,8} = {1,7.8} ~= {1,6} {1,7} = {1,6,7}

com_bi3 = unique(com_bi3(1:end,:),' rows');

size_combi3 = size(com_bi3);

k=1;

fori = 1:size_combi3(1)

for j = 1:length(com_bi3(i,:))

check(j) = floor( (com_bi3(i,j)-1)/3 ); % 3 partition

end

if length(unique(check)) = length(com_bi3(i,:))

pack{k} = com bi3(i,:); k = k+1;

else

continue;

end

end

end
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%N find_score

function [positive_rule, positive score, max_rule, max_score, max_class] = find_score(item ,
pack, row, class, support, defclass)
%find support of class
fori=1:length(defclass)
support_class(i) = sum(class==defclass{i} )/row;
end
k=1;
fori=1:length(pack)
if pack{i}(1)~=10

p = pack{i};
itemset{k} = pack{i};
for j=1:length(pack{1})
if p(j) ==
index_item(:,:,j) = item(p(j):row);
for ii=1:length(defclass)
index_class{ii}(:,:,j) = index_item( class == defclass{ii}, :, j);
end
else
index_item(:,:,j) = item(((p(j)-1)*row)+1:p(j)*row);
for ii=1:length(defclass)
index_class{ii}(:,:,j) = index_item( class = defclass{ii}, :, j);
end
end
end
for iii=1:length(defclass)
%# Fuzzy Corelation
feorr{iii}(;,:,k) = ( (sum((prod(index_class{iii}(:,:,:),3))) / row)-
(support(i)*support_class(iii)) ) /sqrt(support(i)*(1-support(i))*support_class(iii)*(1-

support_class(iii))) ;
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%# Fuzzy Confidence

feonf{iii}(:,:,k) = ( sum(prod(index_class{iii},3)) /row ) / support(i) ;

%# Score = fcorr * confidence * fringstreng
cor = feorr{iii}(:,:,k);
conf = fconf{iii}(:,:,k);
fri = sum(prod(index_class{iii}(:,:,:),3));
score{iii}(;,;,k) = cor*conf*fri;
all_rules{iii}(:,:,k) = pack{i};
end

k=k+1;
end

end

fori=1:length(defclass)

%*# print show

%str = [' SCORE = class ::', num2str(i), '
%disp(str);
%disp(score{i}(:,:,:));

%*# check positive Score
k=1;
positive_rule{i}(:,:.k) =[];
positive_score{i}(:,:;,k) = [J;
for j=1:length(score{i}(:,:,:))
if score{i}(:,:,j) >0
positive rule{i}(:,:,k) = pack(j);
positive_score{i}(:,;,k) = score{i}(:,:,j);
k=k+1;

end
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end

end

%prunning step 1
max_rule{1} =[];
max_score = [];
max_class =[];
fori=1:length(defclass)
if ~isempty( positive rule{i}(positive_score{i}(:,:,:) = max(positive_score{i}(:,:,:))) )
max_rule{i} = positive_rule{i}( positive score{i}(:,:,:) = max(positive_score{i}(:,:,:)));
max_score(i) = max(positive score{i}(:,:,:));
max_class(i) = defclass{i};
end
end

end
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%WINTU my_prunning
function [bestR, bestclass] = my prunning(data_rule, all positive rule, all positive score,

defclass, row, item, class_original)

%*# prunning by oneAttr

k=1;

fori=1:length(data_rule)

if ~isempty(data_rule{i})

checkRule = data_rule{i} {:};

for j=1:length(checkRule)

check(k) = floor( (checkRule(j)-1 )/3 );
k=k+1;

end

end

end

chk = tabulate(check)

s_chk = size(chk)

%*# findOneR

fori=1:s_chk(1)

ifchk(i,end) == max(chk(:,end))

keep = chk(i,1);

end

end

oneR = [(keep*3)+1: (keep*3)+3]

%f# group all rules with oneR (such as :[4 5 6])

fori=1:length(oneR)

group{i}(:,,1) = [I;

mm =1;

nn =0;

for j=1:length(defclass)




ifj>1
nn = length(group{i});

end

for k=1:length(all_positive rule{j})
set = all positive rule{j}(:,:,k) ;
scr = all_positive_score{j}(:,:,k) ;
ifismember(oneR(i) ,set{:} )
group{i}(:,;,mm+nn) = set;
score{i}(;,;;mm+nn) = scr;
class{i}(:,;,mm+nn) = j;

mm = mm+1;

end

end

end

end

%# find rulesthat max score
k=1;
fori=1:length(group)
if ~isempty(group{i})
bestR {k} = group{i}(score{i} == max(score{i}));
bestclass{k} = class{i}(score{i} == max(score{i}));
k=k+1;
if ~( sum(bestR {k-1} {:} == oneR(i)) == length(bestR{k-1}{:}) )
Yhchekns4iin3 8l T supper-set gt [7 117 Wil [7]
[R_oneR, sup_oneR] = find sup(item , {oneR(i)}, row);
[positive rule, positive score, max_rule, max_score, max_class] = find_score(item ,

R oneR, row, class_original, sup_oneR, defclass);
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for ii = 1:length(positive score)
ifisempty(positive_score{ii})
p_score(ii) = 0;
else
p_score(ii) = positive_score{ii};
end
end
bestR{k} = {oneR()};
bestclass{k} = max_class( p_score == max(p_score) );

k=k+1;
end
ostt Tunsal hifingrasurandy Tvnsdaaudari 1 score
%# udndenaaraunldae iy 6 Lill e 6 lasangunldiuneas
else

[R_oneR2, sup oneR2] = find_sup(item , {oneR(i)}, row);
[positive_rule, positive score2, max_rule, max_score, max_class2] = find_score(item ,
R oneR2, row, class original, sup_oneR2, defclass);
for ii = 1:length(positive score2)
ifisempty(positive_score2 {ii})
p_score2(ii) = 0;
else
p_score2(ii) = positive_score2 {ii};

end
end
bestR{k} = {oneR()};
bestclass{k} = max_class2( p_score2 == max(p_score2) );

k=k+1;
end

end




95

Jd o
%WINTU cut_redundancy rule

function [br, cr] = cut_redundancy rule(bestR, bestclass, defclass)

% Sangqungiifinaaidetu
fori=1:length(defclass)
k=1;

for j =1:length(bestclass)

ifbestclass{j} == cell2mat(defclass(i))
% Sangungiifinadifedu

groupRules{i}(:,:,k) = bestR{j};

groupClass{i}(:,:,k) = bestclass{j};
k=k+1;

end

end

end

% HUANNE1IVBING
fori=1:length(groupRules)
ylHiy =11
for j=1:length(groupRules{i})
y1{i} = vertcat(y1{i} , length(groupRules{i} {:,:,j}));
end

end

% sort Ng) YBIUAALNGN

fori=1:length(groupRules)

y2{i} = sort(y1{i});

y2{i} = unique(y2{i});
k=1;
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for j=1:length(y2{i})

for m=1:length(y1 {i})

if yl{i}(m) == y2{i}(j)

xnew{i}{1,1,k} = groupRules{i} {:,:,;m};

xclass{i} {1,1,k} = groupClass{i}(:,;,m);

k=k+1;
end
end
end
end
sssangiddeu

%HUaNMT 0 |X intersect Y| == min(X,Y) TG NREY Supperset

fori=1:length(xnew)

for j=1:length(xnew{i})-1

if ~isempty(xnew{i} {1,1,j})

for m=j+1:length(xnew{i})

if ~isempty(xnew{i} {1,1,m})

minirule = min([length(xnew{i} {1,1,m}), length(xnew {i} {1,1,j})]);
if length(intersect(xnew{i} {1,1,m}, xnew{i} {1,1,j})) == minirule

xnew{i}{1,1,m} = [];

xclass{i}{1,1,m} =[];

end

end

end

end

end

end
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k=1;

fori=1:length(xnew)

for j=1:length(xnew{i})

if ~isempty(xnew {i} {1,1,j})

rules{k} = xnew{i}{1,1,j};

class{k} = xclass{i} {1,1,j};
k=k+1;

end

end

end
%sort max-length to min-length for check accuracy

fori=1:length(rules)
y1 = vertcat(y1 , length(rules{i}));

end

% sort NN lihios

y2 = unique(y1);

y2 = sort(y2, 'descend');

k=1;

fori=1:length(y2)

for j=1:length(rules)

if y1G) == y2()

bri{k} = {rules{j}};

crik} = class{j};
k=k+1;

end

end

end
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%N performance
functionAcc = performance(test_new, rules, test class)
ts = size(test new);
g=1

fori=1:ts(1)
for j=1:length(rules)
inters = intersect(test new(i, 1:ts(2)), rules(j, 1:rules(j, end-1)) );
s_inters = size(inters);
if s_inters(2) == rules(j, end-1)
res(g) = rules(j, end);
break;
end
end
ifres(g) == 0
res(g) = 999;
end

g=gtl;

end

%# test
cm = confusionmat(test_class, res(:)) %# confusion matrix
N = sum(cm(:));

err = ( N-sum(diag(cm)) ) / N; %# testing error

Acc = l-err

end
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Dissimilar Rule Mining and Ranking Technique for
Associative Classification

PhaichayonKongchai*, NittayaKerdprasop, and KittisakKerdprasop

Abstract—This research presents an associative
classification with dissimilar rules(ACDR)
algorithm to discover association rules with the
highest priority and the top frequency. The
proposed algorithm has the abillity to reduce
redundant rules and to sort rules in decreasing
order by their priorities. The results
aredissimilarrules thatcan be used to predict
information in the future. This algorithm can be
appliedas an associative classification technique
and then sortedthe results by interestingness
measures. We develop the program with Rstudio,
which is a very popular software package in
statistical analysis and data mining. In the
experimentation, we used the post-operative
patientsdatasetto evaluate efficiency of the
algorithm. The results confirm effectiveness of the
ACDR algorithm by discovering a minimal but
powerful set of association rules.

Index Terms—R Language, Association Rule,
Algorithm Apriori, Associative Classification

I. INTRODUCTION

Association rule mining is tofind the
relationsamong data items from large
database. The results can be used to predict
future information or explain current relation.
Apriori algorithm [1] is a popular method for
association rule mining.This algorithm was
developed based on AIS algorithm and
focusedon the pruning infrequent item
sets.Many open-sources software can be used to
discover the frequent patterns such as
WEKA,which is software that can import data
into the program and the final results are
association rules, RapidMinerthat has many
tools for data mining and users can use operator
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chaining technique for mining with many
algorithms in a single execution. But in this
research we select the Rstudio for mining
association rules because with this software,
users can implement and extend algorithm
easier than WEKA and RapidMiner that are
Java implementation.

Rstudiois a suite of program environment to
run theR language program, which is
commonly language used to compute the
statistics  applications. This  program
environment provides several types of graphical
display and has many libraries for discovering
classification and association rules.In this
research, we use the library arules because it
can find the patternswith only a few lines of
code.Moreover, this library was designed to
allow wusers to specify the mining for
association rules with the constraints. Withthe
constraint mining feature, it was thus easier and
faster to find associative patterns with the
proposed ACDR (Associative Classification
with DissimilarRules) algorithm.

The main contribution of this research is
proposing the ACDR algorithm. It can be used
to discover dissimilar rules for
classification.The algorithm has 5 main steps:
searching for association rules, categorizing
rules into target association rules and general
association rules, classifying rules into groups
by their right-hand-side item (RHS), analyzing
with selected agent of each group, and sorting
rules.

The proposed algorithm works with any
dataset, but for the demonstration purpose, we
apply the algorithm to the post-operative
patients dataset.

II. RELATED WORK

This research aims to reduce the number of
association rules that are redundant and retain
the remaining rules that are important for
predictingthe  future events.Kannan and
Bhaskaran [4] proposed algorithm for reducing
redundant rules by clustering association rules
into many groups then cut redundant rules by
interestingness measures.Mutter et al. [5] used
CBA (Confidence-Based Association Rule

Mining) algorithm to reduce the number of




association rules. They ranked rules by
confidence values then output rules for top
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hundred association patterns. Our work
presented in this paper is differentfrom others
in that we wused associative classification
technique to rank and reduce association rules.

Associative classification technique is an
integrated of classification rules and association
rules. The goal of this technique is to search for
the results having the format “If one item or
more items have occurred, then another item
must occur”. It is like the classification rules.
Hranchotchuang et al. [3] used associative
classification technique for predicting unknown
class label by guessing the class label with
association rules then the results will be
classified with classification rules. Tang and
Liao [7] proposed a new Class Based
Associative Classification algorithm
(CACA).Their algorithm tried to reduce the
searching space and results are better accuracy
of classification models.

Further this research also does the top
ranking after the discovery of important
association rules. The ranking technique is to
sort rules in decreasing order by their priorities.
There are many researches which focus on
sorting rules [2], [6], [9], [10]. In this research,
we use four criteria to rank priorities of the
association rules. The four certeria are the size
of the association rules, confidence, support and
target rules.

III. METHODOLOGY

In this section wepresentACDR algorithm for
discovering association rules with the highest
priority and the top frequency in descending
order.The process of ACDR of two main parts,
(1) to mine for association rules, and (2) to
analyze association rules for finding important
rules. We do the ranking priorities of the
association rules with RStudio program. The
details of ACDR algorithm, are shown in Fig.
1. Its diagrammatic flow is presented in Fig.2.
Each subsection, A to E, is explanation of
ACDR algorithm through the simple running
example.

Algorithm ACDR
Input: Dataset D, Target items T.
Output: Dissimilar RulesDR.

(DRyps=1 = apriori(D)
#equal 1 item

(2) ForeachR €R;ps-7 {

(3)If RHS =T {

(4)  Gy=group(R)

(5) } else G,= group(R)

©6) }

(7) Rmerge = merge(RevDup(Gy),

RevDup(G,))

(8) MG = group_by_RHS(Rpyerge)

(9) For each GEMG {

(10) agent = find_agent(G)

(11) }

(12) DR =sort by 4condition(agent)

(13) return DR

#Rypsey = RHS

Fig. 1 ACDR (Associative Classification
with Dissimilar Rules) algorithm.

Association
Rule Mining
/ N\
Extract Target Extract General
Association Rules Association Rules

Remove Remove
Conflict Cases Conflict Cases

’ Merge
—

[ Classify Rules ] [ Perform Rule} [ Sort Dissimilar ]

by RHS Analysis Rules

Fig. 2The process of ACDR algorithm.

A. Association Rules Mining

This research uses apriorialgorithm[1] as a
basis for further extension because its
association rule mining steps are simple but
highly efficient pruning strategy to remove
infrequent item sets with minimum support
measure (eql). Support measure of item A is
proportion of number of transactions that
contain A to the total number of transactions in
the database.




Al
|transactions|

support(A) = 1)

future. Therefore,we applied a technique t
include classification rules and association rules
and call this technique is an associative
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The results are frequent item sets that can be
used furtherassociation rules constrained by the
minimum confidence measure (eq2).

confidence(A - B)
support(A N B)

- support(A) @

To implement the proposed methodology we
are developed a program with R language
which is suitable for data mining and the R
system has many libraries for discovering
association rules. For example to find
association rules,the R code is as simple as the
one show in Fig.3.

library(arules) # call libraryarules
Tr<read.transactions("test.txt",format="bas
ket" ,Sep:",")

# read file and storing data in format
transaction.

rules<- apriori(Tr, parameter=
list(supp=0.1, conf=0.6, minlen = 2))

# association rule mining by apriori
algorithm and set parameter with minimum
support as 0.1, minimum confidence as 0.6
and the size of rules to contain at least 2
items.
inspect(rules)

# show all rules

Fig. 3 The R code for association rule mining.

From the commands in Fig.3 and the data as
shown in Table 1, the result of program
execution displayed in Table 2. With the simple
six transactions given as the input, the output is
a set of 17 association rules displayed in Table
2. These association rules have been
constrained to contain exactly 1 item in the
consequent part (or right-hand-side, RHS). This
constraint is for later pruning the association
rules.

B. Extract Target Association Rules and
General Association Rules

This ACDR algorithm aims to predict or
make decision on data that may occur in the

classification. For our associative classification
technique,we divided association rules into two
groups, Thefirst group is the rules to be defined
by users contain target items (called Target
Rules), and the second group is the rules not
defined to contain target items (called General
Rules).Target and general rule extraction is the
step between lines 2-6 in Fig.1. Suppose the
target item defined by users are item C and D,
then the extracted target association rules are
those illustrated in Table 3, whereas the rest
(Table 4) is a set of general association rules.

1D Item

1 A, B,C

2 B, C

3 A, B,D

4 A,B,C,D

5 A

6 B
TABLE 1

EXAMPLE TRANSACTION DATABASE

TABLE 2

ASSOCIATION RULES WITH A SINGLE ITEM IN THEIR RHS
NO. Rules Support | Confidence
1 {D} => {A} 0.333 1
2 {D} => {B} 0.333 1
3 {C} = {A} 0.333 0.667
4 {C} = {B} 0.5 1
5 {B} == {C} 0.5 0.6
6 {A} =>{B} 0.5 0.75
7 {B} => {A} 0.5 0.6
8 {C,D} =>{A} 0.167 1

9 {C,D} => {B} 0.167 1
10 | {A,D} => {B} 0.333 1
11 | {B,D} == {A} 0.333 1
12 | {A,B} == {D} 0.333 0.667
13 | {A,C} => {B} 0.333 1
14 | {B,C} => {A} 0.333 0.667
15 | {A,B} = {C} 0.333 0.667
16 | {A,C,D} => 0.167 1

{B}
17 | {B,C,D} => 0.167 1
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TABLE 3
TARGET ASSOCIATION RULES THAT CONTAIN
THE TARGET ITEMS C AND D IN THE RHS

TABLE 6
GENERAL RULES AFTER REMOVING CONFLICT CASES

NO. Rules Support | Confidence
5 {B} =={C} 0.5 0.6
12 | {A,B} = {D} 0.333 0.667
15 | {A,B} = {C} 0.333 0.667

The rules in Tables 3 and 4 may contain
conflicting cases such as rule number 12 and 15
have exactly the same antecedent parts, but they
predict different consequences. We call such
case a conflict. At line 7 of the ACDR
algorithm (Fig.1), we remove conflicting cases
from both the target and general association
rules. The remaining rules are shown in Tables
5 and 6.

NO. Rules Support | Confidence
6 {A} => {B} 0.5 0.75
7 {B} =>{A} 0.5 0.6
10 | {A,D} == {B} 0.333 1
11 | {B,D} => {A} 0.333 1
13 | {A,C} == {B} 0.333
14 {B,C} => {A} 0.333 0.667
16 {A,C,D} => {B} 0.167
17 {B,C,D} => {A} 0.167 1

C. Classify Rules by RHS(Right-Hand-
Side) Item

The step at line 8 of the ACDR algorithm is to
allocate rules into groups according to the items
appeared in the RHS of the rules. The rule
classifying strategy s as follow:

1. All items on the right hand side of
association rules must be the same items. For
example, from Table 6 rules 6, 10, 13 and 16
have the same item on their right hand side,
which is B. Therefore, they are allocated as the
same group.

2. Items on the right hand side are not the
same, they will be allocated to the different
groups.

From Tables 5 and 6, target and general rules
are then classified into groups and the results
are three groups as shown in Tables 7-9.

TABLE 7
GROUP C OF ASSOCIATION RULES

TABLE 4
GENERAL ASSOCIATION RULES

NO. Rules Support | Confidence
1 {D} => {A} 0.333 1
2 {D} => {B} 0.333 1
3 {C} = {A} 0.333 0.667
4 {C} = {B} 0.5 1
6 {A} => {B} 0.5 0.75
7 {B} == {A} 0.5 0.6
8 {C,D} =>{A} | 0.167 1

9 {C,D} => {B} 0.167 1
10 |{A,D} == {B} 0.333 1
11 |{B,D} => {A} | 0.333 1
13 |{A,C} = {B} 0.333 1
14 |{B,C} => {A} 0.333 0.667
16 |{A,C,D} => 0.167 1

{B}
17 |{B,C,D} => 0.167 1
{A}
TABLE 5

TARGET RULES AFTER REMOVING CONFLICT CASES

NO. Rules Support | Confidence
5 {B}=>{C} 0.5 0.6
TABLE 8

GROUP B OF ASSOCIATION RULES

NO. Rules Support | Confidence

5 {B}=>{C} 0.5 0.6

NO. Rules Support | Confidence

6 {A} => 0.5 0.75
{B}

10 {A,D} => 0.333 1
{B}

13 {A,C} => 0.333 1
{B}

16 {A,C,D} => 0.167 1
{B}




1. If association rule was the shortest size, it
will then be in the first order. Iftherulesarethe
same size, they will be considered by the next

TABLE 9
GROUP A OF ASSOCIATION RULES

NO. Rules Support | Confidence
7 {B} => {A} 0.5 0.6

11 | {B,D} =>{A} | 0.333 1

14 | {B,C} =>{A} | 0.333 0.667
17 [{B,C,D}=>{A} | 0.167 1

D. Rule Analysis

After classifying rules into groups, the next
step is to select agent of each group (Fig. 1 line
9-11). These agents are for rule ranking and
selecting. The criteria for rule selection are:

1. Select association rules with the longest
size. The reason is that they can describe the
complex conditions. For example, the patient
who had a first degree of the tumor, had
irradiated, had surgery and a healthy body then
decision is thatthe patient is recovered from
cancer.

2. Select association rules with the shortest
size for describing the causes that may incur the
damage. For Example, the patient who had the
tumor and is in the final stage then the patient is
cancerous.

From the rules in Tables 7-9,after analyzing
rules with two criteria, we obtain the results as
shown in Tables 10 and 11. Note that a single
rule in group C remains the same one as shown
in Table 7.

TABLE 10
GROUP B AFTER RULE SELECTION

criterium.

2. If association rule is defined target item, it
will be in the first order.

3. If association rule has the maximum
confidence value, it will be in the first order.
But iftherules have the same confidence value,
they will be ranked by the next criterium.

4. If association rule has the maximum
support value, it will be in the first order. But
Iftherules have the same support value, they
will be ranked by order number.

The rules in Tables 7, 10 and 11 will be
merged and then sortedwith thefourcriteria. The
results are shown in Table 12.

TABLE 12
ASSOCIATION RULES AFTER SORTING

NO. Rules Support | Confidence
5 {B} == {C} 0.5 0.6
6 {A} => {B} 0.5 0.75
{B} => {A} 0.5 0.6
16 {A,C,D} => 0.167 1
{B}
17 {B,C,D} => 0.167 1
{A}

NO. Rules Support | Confidence
6 {A} = {B} 0.5 0.75
16 {A,C,D}=> | 0.167 1
{B}
TABLE 11
GROUP A AFTER RULE SELECTION
NO. Rules Support | Confidence
7 {B} => {A} 0.5 0.6
17 {B,C,D} => 0.167 1
{A}

E. SortDissimilar Rules

The final process is to combine the three
groups into one group and then sort the rules by
the following criteria (Fig. 1 line 12).

From Table 12 association rules NO. 5
contains defined items by user (item C and D),
thus it is ranked first. Association rules NO. 6
and 7 are rules of the same size, they must be
ranked by confidence value.Rule NO. 6
hashigher confidence value than rule NO. 7, it
is therefore ranked preceding rule No.7.
Association rules NO. 16 and 17 are the same
size and also the same confidence value and
support value, they will be ranked according to
the order number. The result is that NO. 16 has
been ranked preceding rule NO. 17.

IV. EXPERIMENT

This research experimented with the post-
operativepatients dataset obtained from the UCI
Machine Learning Repository [8].The dataset
has 8 attributes (explained in Table 13) and 90
transactions.

To perform the experiment, we developed a
program usingRstudio environment and coding
with R language for discovery association rules
by apriori algorithm.We set minimum support
and minimum confidence to be 0.01 and we
define target items as ADM-DECS=I, ADM-
DECS=S andADM-DECS=A.




The objectives of this experiment are to
observe a decrease in the number of rules in
each step of pruning associative classification
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rules and the efficiency of ranking important
rules process (Fig. 4 and Table 14).

TABLE 14
THE PROCESS OF ACDR ALGORITHM AND NUMBER OF
RULES AFTER PERFORMING EACH PROCESS

TABLE 13
DESCRIPTION OF POST-OPERATIVEPATIENTS’ DATASET Process Number of
Attribute Description __ __ rules(Rules)
L-CORE | patient's internal temperature 1. Association Rule Mining 88,423
in degree celsius: 2. Extracting Target 5,231
high (> 37), mid (>= 36 and <= Association Rules and General
37), low (< 36) Association Rules
L-SURF | patient's surface temperature 3. Classifying Rules by RHS 5,231
in degree celsius: items
high (> 36.5), mid (>= 36.5 and 4. Performing Rule Analysis 1,048
<=35), 5. Sorting Dissimilar rules 1,048
low (< 35)

L-02 oxygen saturation in % The results from Table 14 are important rules
excellent (>= 98), good (>= 90 discovery with five sub-processes. The first
and < 98), sub-process is association rule with the
fair (>= 80 and < 90), poor (< consequent part containing 1 item and the
80) resultcontains 88,423 rules. The second sub-

L-BP last measurement of blood process is to find target rules and general rules
pressure and also removing conflicting cases. The result
high (> 130/90), mid (<= contains 5,231 rules. The third sub-process is
130/90 and >= 90/70), low (< classifying rules by their RHS, the result is the
90/70) same set of rules because this step classifies

SURF- stability of patient's surface rules then inserts into group but does not

STBL temperature : remove any rules. The fourth . sub-process

stable, mod-stable, unstable 1sapa1yzmg and selecting association rules by
— — their sizes. The results are 1,048 rules. The last

CORE- stability of patient's core . . S
sub-process is sorting association rules, and the

STBL temperature : results are 1,048 rules.

stable, mod-stable, unstable

BP-STBL | patient's perceived comfort at
discharge, measured asan
integer between 0-10 and 11-
20

ADM- discharge decision :

DECS | (patient sent to Intensive
Care Unit),

S (patient prepared to go
home),

A (patient sent to general
hospital floor)




decisionADM-DECS=I but we do not know thd 07

value.

1. {L-BP=low} => {ADM-DECS=A}

2. {CORE-STBL=mod-stable} => {ADM-DECS=A}

3. {BP-STBL=stable, CORE-STBL=unstable} => {ADM-
DECS=S}

4. {BP-STBL=stable,L.-CORE=high} => {ADM-DECS=S}
5. {COMFORT=?,L-CORE=low} => {ADM-DECS=I}

6. {BP-STBL=stable, COMFORT=?} => {ADM-DECS=I}
7. {COMFORT=?,L.-02=good} => {ADM-DECS=I}

8. {COMFORT=?,L-SURF=mid} => {ADM-DECS=l}

9. {COMFORT=[11 - 20],CORE-STBL=unstable} => {ADM-
DECS=S}

10. {CORE-STBL=unstable,L.-BP=high} => {ADM-DECS=S}
11. {CORE-STBL=unstable,L-O2=good} => {ADM-DECS=S}
12. {BP-STBL=stable, COMFORT=[0 - 10], CORE-STBL=stable,L-
BP=mid,L-CORE=mid,L-O2=excellent,L-SURF=mid,SURF-
STBL=unstable} => {ADM-DECS=A}

13. {BP-STBL=stable, COMFORT=[0 - 10], CORE-STBL=stable,L-
BP=high,L.-CORE=mid,L-O2=excellent,L.-SURF=mid,SURF-
STBL=stable} => {ADM-DECS=A}

14. {BP-STBL=mod-stable, COMFORT=[0 - 10], CORE-
STBL=stable,L-BP=high,L-CORE=low,L-O2=excellent,L-
SURF=mid,SURF-STBL=stable} => {ADM-DECS=A}

15. {BP-STBL=stable, COMFORT=[0 - 10], CORE-STBL=stable,L-
BP=mid,L-CORE=low,L-O2=excellent,L-SURF=low,SURF-
STBL=stable} => {ADM-DECS=A}

77. {BP-STBL=stable, COMFORT=[0 - 10],CORE-STBL=stable,L-
BP=mid,L-O2=excellent,L.-SURF=mid,SURF-STBL=unstable}
=> {L-CORE=mid}
78. {BP-STBL=stable, COMFORT=[0 - 10], CORE-STBL=stable,L-
CORE=mid,L-O2=excellent,L-SURF=mid, SURF-STBL=unstable}
=> {L-BP=mid}
79. {BP-STBL=stable, COMFORT=[11 - 20],L-BP=mid,L-
CORE=mid,L-02=good,L-SURF=mid, SURF-STBL=unstable} =>
{CORE-STBL=stable}
80. {BP-STBL=stable, COMFORT=[11 - 20],CORE-STBL=stable,L-
BP=mid,L-O2=good,L-SURF=mid, SURF-STBL=unstable} ~ =>
{L-CORE=mid}

Fig. 4The results from ACDR algorithm.

The authors proposed an associative
classification with dissimilar rules algorithm to
discover association rules with the highest
priority and the top frequency. The
experimental results are composing of target
rules and general rules. Target rules are the
rules number 1-76 and general rules are the
rules number 77-1,048. The rule number 1 can
be interpreted as “if last measurement of blood
pressure is low then discharge decision is to
send the patient to general hospital floor”. The
symbol “?” in rule number 5 means that the
attribute comfort has some effect tothe

V. CONCLUSION

This research introduces a design approach
called ACDR (Associative Classification with
Dissimilar Rules) to reduce redundant target
and general association rules, then the results
can be used to predict information as most
classification rules. The ACDR algorithm
consistsof 5 main steps which are (1) finding
association rules, (2) clustering target
association rules and general association rules
into two groups then removing redundant rules,
(3) classifying rules into groups by their RHS
item, (4) performing rule analysis with selected
agent of each group, and (5) sorting rules
according to proposed criteria. The dataset for
algorithm evaluation is the post-operative
patients dataset. The final result after
processing the dataset through the five main
steps of the ACDR algorithm is a minimal rule
set containing 1,048  rules,which are
significantly decreased from the original 88,423
rules.
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Abstract

Data classification mining is a method to
find data generalization in a form of rulesthen
used these rules to predict some unknown
value in the future data. But in actual
applications, the rules may be of low accuracy
and the number of rules may be so
overwhelmedthat users could not efficiently
apply them. Therefore, this research proposes
of data
algorithm with compact fuzzy association

the development classification
rules to optimize accuracy and interpretability
of the model. To evaluate the performance of
the proposed method, this research will
compare accuracy of the classification model
and the number of rules against9 different data
classification algorithms. The results showed
that our CCFAR algorithm is comparable in
terms of accuracy. When considering both
accuracy and size of model, our algorithm is
the best one.

Keywords: Data Classification, Associative
Classification, Fuzzy Classification Association
Rule, Fuzzy Set.

1. Introduction

Data classification technique is one of a
data mining widely used to predict the future
data by inducing the model from sophisticated

data. For instance, in a medical science the
model is used to predict a patient who is risky
of having a breast cancer.In a commercial
bank, the model is used to screen credit requests
and evaluate the credit rating of consumer. For
its potential benefits, many researches have
long been concentrating on improving the
efficiency of data classification by proposing
algorithms like C4.5® and OneR™.

But these algorithms have a low predictive
accuracy. Therefore, Liu and Ma“proposed a
new method call the "associative classification"
which is a combination between the association
rule mining technique and the data

classification technique. Their proposed
algorithm was called the Classification based on
Association Rules (CBA). The CBA has been
tested its predictive performance by comparing
with the C4.5, and it turns out that has high
accuracy than C4.5 algorithm. This CBAhas
drawn attention from many researches to
develop algorithm based on associative
classification technique, such as
GARC®algorithm, OAC®algorithm, andmany
more.However, the inherent problem of
associative classification is that the association
process can handle only symbolic and binary
values. It cannot process continuous values. To
solve this problem, we propose to use a fuzzy
set to transform the continuous value to the

degree of membership!’™.
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In this paper, we present the idea and the
development of an algorithm called data
classification with compact fuzzy association
rules(CCFAR).Our main focus is to optimize
both an accuracy and interpretability of the
model. In addition, we applied the concept of
OneR%algorithmto select the best rules and
reduce the number of rules in the final result.

2. Related Works

Classification task is the mainstream of
many researches are concentrating on
developing algorithms for increasing the
accuracy and reducing the number of rules. We
can summarize the researches that are related
to our works into 3 groups, that are group of
data classification, group of associative
classification, and group of fuzzy associative
classification. The details of 3 groups are as
follows:

Firstly, the group of data classification is
the initiative concept of data mining to classify
target variable with some related features.
Examples of this group are as follows:

- Quinlan®proposed C4.5algorithm which
is well known in the classification because the
algorithm is able to process quickly and the
model is easilyunderstandable. The main
concept of this algorithm is the use of heuristic
search to construct a decision tree and
prunetree.

- Cohen®proposed an algorithm called
RIPPER (Repeated Incremental Pruning to
Produce Error Reduction) developed from the
IREP* algorithm by the principle of growing
and pruning techniques to select the low error
rate rules.

- Holte®proposed an algorithm named
OneR or One-Attribute Rule, which is an
algorithm that easy-to-understand algorithm
and the model is a compact set of rules. OneR
is simple because it select a single attribute

with the fewest error to build the model.

Secondly, the group of associative
classificationuses the association mining to
build theassociation rules, then using many
techniques of data classification to make
association rules appropriate for
classification.Examples of this group are as
follows:

- Liu and Ma®proposed CBA algorithm,
which producedis a high accuracy for the data
classification. The CBA composed of 2 steps: to
build the model with CBA-RG (to create the
association rules), and CBA-CB (to make
association rules for classification by selecting
the low error rate rules).

- Chen and Zhang®proposed an algorithm
called GARC (Gain Based Association Rule
Classification) with a efficacyin classifying
dataused the model is a compact. Because of
the GARC was using the information gain
threshold to create frequent item-sets and then it
used redundant and conflictive techniques to
build the class association rules.

- Hu and Liproposed an algorithm named
OAC (Optimal Association Classifier) with a
good efficacy in classifying data. The principle
of OAC was to generate association rules by
using the constraintof apriori' Valgorithm, then
it selected the class association rules by the
method call OCARM (Optimal Class
Association Rule Mining"'").

Finally, the group of fuzzy associative
classificationuses the fuzzy set to controll the
continuous value in the association rule mining
processing. Examples of this group are as
follows:

- Pach et al.”proposed an algorithm called
CFARC

Rule-Based Classifier) to resolve the problem

(Compact Fuzzy  Association
of how to define the minimum support and
minimum confidence in association rule mining
byapplying fuzzy correlation threshold. In their
experimental results,they showed a good
accuracy and a compact set of model.

- Chen®proposed an algorithm named
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3.1.1 Fuzzy partitions

Rules). It generated rules by using the apriori
algorithm, then it selected the rules that have
highest confidence value and deleted remaining
rules with lowest confidence value.

- Hithn and Hillermeier"®proposed an
algorithm called FURIA (An Algorithm For
Unordered Fuzzy Rule) based on the Ripper
algorithm. But the FURIA used unordered rule
set to reduce bias of the target class and it used
stretching technique to obtain the generalized

rules.
3. Preliminaries

In this section, we introduce the basic
definitions of fuzzy sets, fuzzy association rules
and fuzzy associative classification rules.

3.1 Fuzzy Sets

Fuzzy sets are sets that cannot explain
something clearly.For example, an explanation
of the people who are very tall, someone say
that the people who are 180 cm. high are very
tall, but othersmay say that the people who are
185 cm.high are very tall. So, we can see from
this example that it is impossible to tell exactly
regarding who is very tall.Therefore,to solve

such problem Zadeh!'”

proposed the concepts of
fuzzy sets to explain something that is not clear
with the degree of membership function (rang
value of the degree is [0, 1]). For instance, the
people who are 180 cm.high; they are medium
tall at the degree of 0.7 and very tall at the
degree of 0.3. The people who are 185 cmhigh,
they are medium tall at the degree of0.1 and
very tall at the degree 0f0.9. From this example,
we can see the people who are 180 cm.high and
185 cm.high would be moderately tall and very
tall,respectively with the different degrees.

Therefore, this research applied the
concept of fuzzy sets to explain the continuous
value of numeric data.We used fuzzy partitions
with fuzzy c-means (FCM"'?) algorithm.

In this section, we present the important
CCFAR
transformthe continuous value(Fig. 1 a)to
partitionswith the FCM algorithm. The FCM is
used to indicate the degree of membership in a

step of our algorithmingfor

set with the value ranging from 0 to 1(Fig. 1 c),
which is different from the k-means algorithm
that indicates the degree of membership in a set
with the discrete value (Fig. 1 b).

The processes of FCM arecomposed four

main steps.
1) [Initialize C and L
2) Calculate the center vectors by Eq.(1)

Cj(t) = XL Hij(t)mxi /2{}1 Hij(t)m(l)
3) Compute and update membership of
data by Eq.(2)

2
[xi—cjll

| =
O™ =1/ X =) ®™0(2)

[1xi—cxkll

4) If py O™ — i Om<e then STOP;

otherwise repeat step 2.

Wherex;isdata vector, m is fuzziness that
can be any real number equals or greater than
1,pj5is the degree of membership ofXjto be in
the cluster j, N is data for clustering, C is
number of clusters and ¢; is center of cluster j.
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Fig. 1.The membership functions of k-means
and FCM.

3.2  Fuzzy Association Rule

Association rule is originally an analysis of
customer purchases (also called Market Basket
Analysis) by storing the items in the basket of
the customer into transaction. Then, it analyzed
these transactions to discover the association
rules. The association rules are expressions of
the type X — Y, where X andY are sets of
items. This means that if customers buy item X,
then customers buy item Y together. But the
processing of the association rule mining is
unable to handle the continuous value (Table 1).
So, we used fuzzy set to convert the continuous
value into a degree of belonging to a set. For
example, the Table 2shows the degree of
attribute age associated with linguistic values
low, medium and high.

In recent years, many researches have
proposed methods to mining fuzzy association
value">'®.  The

association

rules from continuous

processing of fuzzy rulesare
composed of 2 steps. First step, create frequent
Item-sets by counting item-sets that have fuzzy
support (Eq.3) higher than the minimum fuzzy
support.Second step, create fuzzy association

rules from frequent item-sets that have fuzzy

confidence (Eq.4) higher than the minimum
fuzzy confidence.

leg=1 H<Zi:Aij>E<Z:A> tk(zi)
FS(<Z:A>) = L (

FS(<X:A>U<Y:B>)/4)
FS(<X:A>)

FC(<X:A> — <Y:B>)=

Let <Z: A>bea fuzzy item-setdenoted as<Z:
A>= [<Zi1: Ai,j>U<Zi2: Ai,j>U e U<Ziq: Aiq,j>]’
where q <n+ 1,z is an attribute, such as

Age, Income andBalance, A is a fuzzy

Lj
interval, such as Low, Medium andHigh, ty is
a transaction, and N is the number of

transactions.

Table 1.The example of data.

Id Age
1 18
2 20
3 19
4 24
5 25

Table 2.The degrees of attribute age with FCM
algorithm.

Age
Id Age = Age = Age =
Low Medium High
1 0.9863 0.0127 0.0010
2 0.0119 0.9862 0.0019
3 0.4996 0.4900 0.0104
4 0.0074 0.0141 0.9785
5 0.0053 0.0090 0.9857

3.3 Fuzzy Associative Classification Rule

Fuzzy associative classificationrule and
Fuzzy association rule are similar techniques in
terms of processing steps, but they differ at
consequent part of rule. The fuzzy associative
classificationrule must contain only one class
label at consequent part of rule (C=
{C4,..,C}). Therefore, the fuzzy confidence of
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fuzzy associative classification rule can be
defined as follows:
FS(<Z:A>)

_ YR=1 H<Zi,Ck:Ai,Ck,j>E<Z:A> tk(Zi,Ck)/

= N (%)

FS(<X:A>U<Y:C>)/6)
FS(<X:A>)

FC(<X:A> — <Y:C>)=

4. Our Proposed Methodology: CCFAR

described

named

In this
algorithmthat

we our
data
classification algorithm with compact fuzzy
association rules (CCFAR) to obtain the fuzzy

associative classification rules with optimum

section,

has  been

combination of accuracy and interpretability of
the model.Our methodology is composed of
five steps (Fig 2).

1)Data Screening: The data characteristic
of CCFAR must be numeric data because of the
transformation of fuzzy set that will convert
numeric data only.At current stage, our
algorithm assumes that there is no missing
value in the data.

2) Data Partitioning: This step is
transforming the numeric data to fuzzy intervals
or fuzzy sets. In the CCFAR algorithm, we used
FCM to makethe transformation because of it
property high
performance. As an example, we used the data

easy-to-understand and
from Table 1 and we defined fuzzy intervalsto

be3 partitions; the results were represented in
table 2.

Fig. 2.The development of data classification
algorithm with compact fuzzy association rules.

3)Frequent Fuzzy Item-Sets Searching:
The fuzzy frequent item-sets are fuzzy item-sets
that have fuzzy support more than minimum
fuzzy support (y). At this step, the process are
the same asCFARC"algorithm (Fig. 3).

4) Fuzzy classification association rule
(FCARs)generation: This step is similar to
theCFARCalgorithm(Fig. 4),but it differed in
the computation of score values of all rules. In
this research we computed score values of all
rules by using our new metric as shown in Eq.9
fuzzy correlation (Eq.7), fuzzy confidence
(Eq.6) and firing strength( ) (Eq.8). The
intuitive idea is that we need a high correlated,
high confidence, as well as high support rules.

FCORR (<X: A> — <Y: C>) =(7)
FS(< X:A>U<Y:C>)—FS(<X:A

>)X FS(< Y:C:

JFS(K X:A>) X (1 —FS(< X:A >)) X FS(<

B(<X: A> - <Y:C>) =

21121:1 H<zi:Ai,]- se<z:a> tk(Z)(8)

Y:C >) x (L — FS

Data
Partitioning

JL
f Frequent Fuzzy j

SCORE = FCOR x FC * Firing_strength()(9)



Frequent fuzzy item set searching (an
Apriori fuzzy implementation)

Input: DF fuzzy data

Output: the set of frequent fuzzy item set
Method:

1. Determine the supports of the classes
by the distribution of classes;

2. Set the minimal fuzzy support (y) to
the half of the minimum frequency of
classes;

3. Generate the 1- candidate fuzzy
items;

4. Calculate FS values then select the
frequent fuzzy items from the 1- candidate
which has FS >y, and n = 2;

5. While there exist some n-1 size
frequent item sets: Generate the n—size
candidate sets from n-1 size frequents (and
1-size frequents);

Fig. 3.The frequent fuzzy item set searching”.

Fuzzy classification association
rulegeneration

Input: a set of frequent fuzzy item sets

Output: positive correlated FCARs
separated by size
Method:

1. Generate association rules with class
label consequent from allthe frequent item
sets to consider the size of item sets

2. Calculate the Score values of all the
rules;

3. Select rules with positive SCORE

Fig. 4.The fuzzy classification association rule

generation'”

5) Fuzzy Classification Association Rule
Selection: This step is selecting the FCARs to
be used in the data prediction. It’s composing
of4 parts as follows (Fig.5):

- Frist part:The rules that have the same
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class label and the same size will be grouped
together. After that, this algorithm will select
rule with the highest SCORE from each group.

- Secondpart:The ruleswith the highest
SCORE in each groupwill be counted the
frequency of attributes in antecedent of rule.For
example:

From Table 3, the frequency of attribute
Ageis 5 (No. 1, 2, 3, 4 and 5), attribute Inc is 3
(No. 3, 5 and 6) andattribute Bal is 1 (No. 2).
Thus, the highest frequent attributeis the
attribute Age. *If frequencies of attributes are
equal, attributes will be randomlyselected.

- Thirdpart:A set of FCARs with the
highest SCORE and shortest rule from
eachfuzzy interval is selected. For examples,
the rules from Table 3 that contain attribute Age
(the highest frequency) are No.1, 2, 3, 4 and 5.
After that, it selects the FCARs from the rules
No. 1-5 with the highest SCORE and the
shortest rule, which are rule No. 1(Shortest rule
of Age = high), 2 (Highest SCORE of Age =
high), and 4 (highest SCORE and shortest rule
of Age = medium). But this selection is
incomplete became the rule that contains Age =
low is missing. Therefore, this algorithm will
create new rule that contains Age = low with
don’t cared support and SCORE values, such
as:

Rule 1: Age =low — yes, SCORE =-0.12

Rule 2:Age = low — no, SCORE =0.12

In this algorithm, the Rule 2 will be
selected because it has positive SCORE value.
Thus, we can conclude the results as follows:

1. Age=high — yes

2. Age = high and Bal =low — no

3. Age=medium — no

4. Age=low —no

- Fourth part: we will remove rules that are
superset in antecedent part (left-hand-side) with
the same class as other rules. For instance,

Rule 1: Age = low — yes,

Rule 2:Age = low and Bal = high— yes
From example, we removed the Rule 2



because of it is superset in antecedent part and
has same class of Rule 1.

Fig. 5.The fuzzy classification association rule

selection.

Table 3.The FCARs with SCORE.

No. FCARs SCORE
1 |Age =high — yes 1.2725
2 |Age = high and Bal =low —no | 1.9225
3 |Age = high and Inc = me — no 1.1619
4 |Age = medium — no 1.2608
5 |Age = medium, Inc = 0.8432

high — no
6 |Inc=high — yes 1.1232
Table 4.Data sets.
Data Set Size # Attribute | # Class
Iris 150 4 3
Heart 270 13 2
Pima 768 8 2
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5. Experimentation and Results

In this section, we evaluated our CCFAR
algorithm using three measurements accuracy:
Acc (Eq.10), number of the models (Compact
Value: CV) that we normalized it to be the
Normalization of Compact Value: NCV
(Eq.11), and the combination ofAcc and NCV
in which we call SuitableRule: SR (Eq.12).Our
algorithm was tested on three different data sets
and compared with ninedifferent
algorithms.These algorithms are grouped as:
data classification, associative classification and
fuzzy associative classification. The nine
algorithms are namely C4.5, RIPPER, OneR,
CBA, GARC, OAC, FURIA, CFAR, and
CFARC. The data are taken from the UC Irvine
Machine Learning Repository, namelylris,
Heart, and Pima (details shown in Table 4). The
classification performances of all algorithms
were measured by ten-fold cross validation.

TP+TN
TP+ TN +FP + F

Acc= N(lO)
Where TP is the number of true positive

examples, FP is the number of false positive

examples, TN is the number of true negative

examples and FN is the number of false

negative examples.

Avg(CV) 1 —AVB(CV)

NCVAL = AVg(CV)maX_AVg(CV)min\l1)
Avg(Acc) , +NCV
SRy, = DN

Let Avg(CV)is an average of compact
value, AL is an Algorithm.

Table5.The Accuracy (Acc)of classification of CCFAR algorithm and other algorithms.
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CLASS AC FCAR

Data

Set RIP GAR FU CFA | CFA | CCFA

C4.5 OneR | CBA OAC
PER C RIA R RC R*

Iris 0.933 | 0933 | 0.940 | 0.929 | 0.960 | 0.940 | 0947 | 0.913 | 0.959 0.960
Heart 0.770 | 0.822 | 0.729 | 0.815 | 0.880 | 0.811 | 0.797 - 0.774 0.781
Pima 0.734 | 0.747 | 0.724 | 0.724 | 0.762 | 0.781 | 0.747 | 0.651 | 0.729 0.747

Avg(Ace) | 0.812 | 0.834 | 0.797 | 0.822 | 0.867 | 0.844 | 0.830 | 0.782 | 0.820 0.828

Rank. 8 3 9 6 1 2 5 10 7 4

Table 6.The number of classification rules (Compact Value) of CCFAR algorithm and other algorithms.

CLASS AC FCAR
Data
Set RIP One GAR FU CFA | CFA | CCFA
C4.5 CBA OAC
PER R C RIA R RC R*
Iris 4.9 3.6 3.0 5.0 7.0 9.0 4.4 9.1 3
Heart 17.4 4.1 2.0 52.0 12.0 | 157.0 8.4 - 2.7
Pima 20.3 4.1 7.8 45.0 6.0 112.0 8.5 2.0 2
Avg(CV
) 14.2 3.9 4.2 34 8.3 92.6 7.1 5.5 2.6 33
NCV 0.86 | 0.983 | 0.980 | 0.64 | 0.93 0 0.94 | 0.96 1 0.99
Rank. 8 3 4 9 “ 10 6 5 1 2
Table 7.The complete rules of CCFAR algorithm and other algorithms.
CLASS AC FCAR
Data
Set RIP GAR FU CFA | CFA | CCFA
C4.5 OneR | CBA OAC
PER C RIA R RC R*
SR 0.910
0.840 | 0.908 | 0.888 | 0.735 | 0.900 | 0.422 | 0.889 | 0.873 0 0.9104
Rank. 8 3 6 9 4 10 5 7 2 1

The results in Tables5-7 were summarized
and discussed as follows:

- Table 5 the
classificationof CCFARalgorithm compared to

shows accuracy of
the9 algorithms. The symbol “-”
available published result. GARC algorithm
shows the highest accuracy (0.867) in all dataset
in the

comparison among classifier data from 10

means no

and it has been ranked number 1

algorithms. Our proposed CCFAR algorithm
was ranked number 4 (0.828) in classification
accuracy.

- Table 6
classification rulesof CCFARalgorithm and the

represents the number of

other9 algorithms. The measure NCV is a
normalization of the compact values computed
as in Eq.8. The CFARC algorithm gives the
smallest number of rules (2.6) comparing from
10 algorithms. Our CCFAR algorithm was
ranked number 2 with average number of rules
equals (3.3).

- From table 7, we showed the combination
of accuracy and normalization of compact value

whichis calledthe SRvalues of CCFARalgorithm
and other nine algorithms. We can see that the
bestSR is our presented method CCFAR
(0.9104). It means our algorithm is a good
classifier in terms of both accuracy and good



compact of fuzzy associative classification rules
considered all together.

6. Conclusions

This paper proposes the development of
data classification algorithm with compact fuzzy
association rulescalled (CCFAR) to optimize
both an accuracy and interpretability of the
classification model. To evaluate the
performance of the proposed method, our
algorithmwas tested on three different data sets
and compared the results with the other
ninedifferent algorithms. The results showed
thatour proposed CCFAR algorithm was ranked
number 3based onaccuracy of classification, and
it was ranked number 2 based on the smallest
number of rules. CCFAR is the best algorithm
when we combine accuracy and compact value

together.
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