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DISCRETIZATION/ASSOCIATION RULE MINING/CHI SQUARE

In this research, we study the problem of discretization for association rule
mining. The discretization method is a handling technique to cope with numerical or
continuous data. It is the pre-processing step of association rule mining to reduce the
number of rules, and to increase the support value. In the past, many researchers have
proposed techniques for discretization, but most of them perform a discretization for
classification in which the performance measure is obviously the accuracy of the
model. The discretization method for association rule mining, on the contrary, has no
clear evaluation metric. We thus propose in this research the discretization technique
for a specific task of association rule mining, and the rule assessment method. The
implementation and experimentation have been done with the R language and its
libraries. We comparatively experiment our proposed discretization method with the

existing techniques. Assessment metrics are accuracy and the other four metrics.
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2.1.1 9and3INNUVVAIYNLY (Bottom-up)
1. 8ana3 iy Chi2

#aN03NY Chi2 (Liu and Setiono, 1995) TMNug 1L X Ndeuldluaim

a3
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2 k
A — E. )2
xe= Yy Lu @D
‘ ij

k UNUINUIUVDIAATT
o A ll A
UNUITUIU pattern Tag i DY, 7 ADADT

Ej  unuanuann4; = R; = C;/N

R, HNUTINIU pattern 1ABY ith = I, A;;
of unudIUANE 1A% jth= Y.2_; A;;
9
N UNUTIUIU pattern NINUA = Y2 R;
Phase I:

set siglevel = .5;
do while (InConsistency(data) < &) {
for each numeric attribute {
Sort(attribute, data);
chiisq—initialization(attribute, data);
do
chi-sg-calculation(attribute,data)
} while (Merge(data))

siglevel0 = siglevel;
siglevel = decreSigLevel(sigLevel);

Phase 2:
set all sigLvl[i] = sigLevel(O for attribute i;
do until no-attribute-can-be-merged {
for each attribute i that can be merged {
Sort(attribute, data);
chiisq—initialization(attribute, data);
do
chi-sq-calculation(attribute,data)
} while (Merge(data))
if (InConsistency(data) < d)
siglvl[i] = decreSigLevel(sigLvl[i]);
else
attribute i cannot be merged;

317 2.1 Pseudo code ¥I8aN@3 911 Chi2 (Liu and Setiono, 1995)
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- MUY MU
1 1 d'a % % 1 d‘ l'.)
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1 A I U = ] J A 2 . Ay Y
a2 auiluluaiutandesuesdiui 1 (5910 siglevel0 01 lA
o ' { o (2 o A 1 @ o
Avua 3 ludaiui 1 1dnihmsaseaeunuaennaeInaInAduiuMssINLAaz AN
1A 1 Ao 3 o o . 4 o @ L
"[3}1 inconsistency rate llmﬂumﬁmwuﬂ NNINITNIMUA siglevelli] fMTuMIsuaeauu
[ = da/ =3 A =] v oA 9 o 1
souda 1 Fenszurumstivznganaoiiie lilia luasauminezdesimnsmluyag
2. 8an83Nu Modified Chi2
o a . L < o a ! [
8an03 71U Modified Chi2 (Shen and Tay, 2001) Hudanesnuinlasums
o o a . % [ [ a . g’/ I 1 [
YFulganindaneiiu chiz  FeazdSuiseldoanesiiu chiz wwiunisutsgauy
Y] wAa o [ Aa R . 1 I [} [} ~
o9 Tul@ TagnIzuIUNITHINIUYDIOANDINY Chi2  dzudoemiu 2 d2u Tugiun 1
9
gane3 iy Modified Chi2 §3n3UADUATZUIUAITUBIBANDI Ny Chi2 1inilouiay uan1s
° ' - <3 Y wa ° o A L. o
W luaiuilviuunudn Tuaia Tasaziimsdiuilsanmsiuan significant level o 1%
A ) wa ' . ! I o\
mstiuA11aeda Tulia nazludi1uves consistency check Nz ldilunusilunisnga
o o a R . r ol J 2 A o I v I wa K% llsh'ﬂ
NIZUIUNIT 0aNDI NN Modified Chi2 9eMnuan x? Nianzau lagon Iuliauading 1G9
9 a 4
Foyamno 1
I { I Aa 1 1 ~ 2 =
Tuaaud 2 dunszuaumsnananluaiun 1 5udulag significant level a N
o ' A = 1 o Ja . A v o Jo . . o o [
fvua 3 luaiui 1 Fudazaeduii i ATANUFURNUTND sigLv[i] 913N ssaunuLay
o Aa @ ] v Jd o o X v, .
consistency check ﬁ]zmu,uumiwmmﬂhl,mazﬂaanummimmuuﬁa G?x‘itgﬁﬂ1 inconsistency
rate TiAusasmualiarantuda siglvli] vxanasdmiuneduiii i lusendallves
a k) Y] [ 1 o o 1 1 o 4
M35 Tzviunednid i v hifinadenisswdn nszurumsiziaaunim luaedu
1 [ Y
a¢ liennsasunula
9aN03NY Modified Chi2 %xﬁwmaﬂ%"uﬂgﬂudau inconsistency checking
(ConCheck (data)< &) fegludanesiu Chi2 uazgaunuiaisnsszauaniiguain L,

9
HAIDINUADLVUADUYOIM ST NTOND (L piscretized < Le—originar) 108M3Uszua

Ay ¥ = = o ' Yo =
AUNTN Lcmllﬂmﬂ‘nqy;] Rough set I TWITDATUIUHIAN L, llﬂﬂﬁﬁllﬂﬁ‘ﬂ 2.2



Y. card(BX;) o)
e — 2.2
¢ card(U)
Tagrmuald
Y
U unuaniuaveing luyavoya
X unumstudusaves U

BX  unumsiszanavudmves X lu B BE4)

A mewmmﬂaﬁuﬁ

3. 8an83NY Extended Chi2
9ano3I NN Extended Chi2 (Su and Hsu, 2005) Lﬂuﬂ1ﬁﬁuamqy§ Rough Set
9
191 unUYBY Inconsistency check 1U8ana3 Ny Chi2 taydanesny Modified Chi2 Tu

8ane3Nu Extended Chi2 @11150A11I8A1 inconsistency rate 1RGNN 2.3
e(C,D) = max(my,m,) (2.3)

Tagrmuald

my; =1 —min{c(E,D)|E € C* and 0.5 < c(E, D)},
m, = max{c(E,D)|E € C* and c(E,D) < 0.5}

_1_ card(END)
C(E'D) =1 card(E)

9 9
ﬂluﬁﬂuﬂlﬂﬂﬂﬁﬂﬂiﬁn Extended Chi2 LigA951802100AA

9
9 % o

1. MuuaiszATed Ay a=0.5 9INUUAIUINUAT inconsistency rate E
o [ . Y] P (Y o ~ 9 1Y) o
2. MUIUAT chi-square NABANUNIIUAIRVINIMITETBYaluADIN

HazAuIU x2

=

' ° ' P Y @ 1
3. llﬁﬂﬂlﬁﬂﬂi%ﬁ')1ﬂﬂ15ﬂ1u’)mﬂ1 x2 Llﬁglﬂﬂ‘l“ﬂ“ﬁﬁ@ﬂﬂﬁﬂﬁﬂu JINUB N

a o A ] Aa o ' 2 A Y 1 o A
@]ﬂﬂu‘ﬂllﬂ’lﬂ')’lllll@lﬂ@]'l\?ﬂﬂ@lllﬁ%ﬂ'luﬁmﬂ'l X NUBDYNIUNUNN

Y o Y T 3’, ' A 1a A dy Yy 9 A
TOANADINU ﬂ1Ulllll‘1/]\1ﬁfN“lf’N‘1/]@EJG]ﬂﬂuﬁnJNf]uul"lJulla’J"lﬂﬁJvl‘]J“Vl

U

3 =
YUADUN 5



4. @3EOUA inconsistency rate wazih inconsistency rate liiaeandeanua

b4
a %

. . Ao Y v "o g -
inconsistency rate wmwuﬂ‘lmm%ﬂummﬁmu 1rl‘]J‘ll“L.lGlfzJ‘Ll‘Vl 5 URNTUHU

42 4
TUnduneun 2

o w

5. ansgAuledAY a - a
2 t:'d

o 1 1T A v da g Y o )=} 9 v
6. UIUAT X ‘Vlﬂﬂ'J']LﬂiJﬂTﬂﬂfJﬁNuﬂLﬂu@?mﬂlﬂWﬂ’]ﬁLﬁﬂﬂﬂl@uﬁaiuﬂﬂauu

HazAIUIUAT x2

] A 1A ‘]_Id = 1 o 1 2 s Y
7. FIUFNNANIUAY LUTYUNYIVTEUINATUIUAT X LASINUNNTDANADI

U 1 1 d'

[ 1 'a 1 a o 1 9 1
U i’)ll“lf’)\iﬁ@]ﬂ uﬁﬁﬂ1ﬂ'JHJLLG]ﬂGH\?“]JﬂG]LLagﬂWH'Jﬂ!ﬂW x? NUENN

Y] 9 = g’./ 1 ~ 1a [ A dy Y ~
A a1 lidnaesranegaanuamNeu luiluda i

U

7 Y
INUNNTDANADN
) =
VYUADUN 9
8. ATINAOUM inconsistency rate NANIUAY ATIIFOUAN inconsistency rate
F . ' Y @, . A o v
LIAZ 01 inconsistency rate ]liJE‘TE]ﬂﬂaENﬂ‘]Jﬂ1 inconsistency rate 1/1ﬂ11/i‘uﬂul’3
Y 1o 3 4 a 3 43 =
udaag livihmssa Tdduaeun 9 Tnziulfvuaeui 6

'
o v AaA 1

[ a Y
9. a@53@Uuﬂﬁ’]ﬂﬂlﬂﬂﬂj’llﬂullajwq@ﬂigﬂjlllﬂ'ﬁ

o

2.1.2 9ane3INNUVVUHAIA1E (Top-down)
1. 8ana3 Ny CAIM
o a I
8anesny CAIM (Class-Attribute  Interdependence Maximization) 193]y
@ a KR 1 1 9 a9 . 4 @ a KR
9anvI NULLIFITYanUUHNNAOU (Kurgan and Cios, 2004) Tasyailseaaupidanainy
A o A Lé [ [y 4 9 1 d' 9 1 1 9
CAIM 9 MSHINMTNINIDIREN UYDIAaIaABaLNT A a5 1995297 Ja1nn15ua%sa 14
Woshiga F9aIamuINNIAT CAIM Aeaunsh 2.4

r=1"M,. 2.4
CAIM(C,D|F) = —— Msr_ @9

Taoiuali
C unuaae
D UNUMIIINTNToYA
F ununed
n ENUTIIUFIT YD

LA :
max, tnuannigalua g,

'
S 9

° o Y 3w v A
M LWI1!ﬂWH?UﬂﬂﬂNuﬂﬂﬁNﬂﬂﬂl@y‘mﬂuﬁ'J!,a"’llﬁf)!ﬁf)\‘i
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[

o o a 1 < g [ -
ﬂi%‘U’Juﬂﬁ‘ﬂNWU‘Uﬂ\‘lﬂaﬂﬂﬁﬁN CAIM vzutvooniu 2 Tunouranaail

9
%

1.1

1.2

1.3

Y
c%

2.1

2.2

23

24

2.5

d‘ = o 4 ! dy
YUN 1 Nﬂﬁ%ﬂ?l&ﬂﬁﬂ%ﬂl&ﬂ\iﬂﬂqﬂu

J 1 1 { I (%
Wwimnunige (d) uaztiesiga (d,) ludeyaiiuday
4
CRRIGN
o A 1 9 A g Y [ A
fmuagdunuvesminuanannndoyaniudavaoriio

= o w ) ] 3’/ A d Y
TasiFeadauuazivuavouuavsdrIanavuaniu lal1é

v
' A o

Y A :
UNUAg B mmmmwqmmzﬂwﬁum’cjmmzﬁmﬁman

[
1 ] [

Y
NInuaveanngnegaanu luya

MMUALDUMINLNTT0YA D:{[ dyd,]} 1ag GlobalCATM=0

a4 a o v 4
YUN 2 umzmumwnmmm‘lﬂu

MruA k=1
A A mgy Y o A
asunuvouwanislunlildedlu D uaz B udrduamain
9 [}
d0ANADINY CAIM
9 Y H '
WaanUuAsUNoUNINISUA1 CAIM Inniiga

9
v

81 (CAIM > GlobalCAIM or k<S) u821/5u1l59 D 910417
1450910 2.3 1HaZMKUA Global CAIM=CAIM a1'lautiug

nea

E]

Mrua k=k+1 udrnau i 2.2

2. 6aN9INN CACC

@ a K

9aN9INN CACC (Class-Attribute Contingency Coefficient) Wusanesnuin

o o a R A Y o o Y AA a . A o
NAUINIINDANDINY CAIM L‘Wi’)Glslfﬁ"lﬁiﬂllﬂﬂiuuﬁﬂi‘lﬂimﬂlﬂﬂ overfitting YankULUY

Y
static, global, incremental, supervised and top-down Tagay 2YNUNITIALUUINNIAKYLLAL

o v d 1 o v % o 1
ﬂ’J"I?JﬁT?JW‘L!‘ﬁS%WTJNﬂﬁWﬁL%}JTﬁNWEJﬂ‘]Jﬂ@ﬁZLIu (Tsai, Lee and Yang, 2008) c’fﬁmmsammmm

cAcc ldasaumsn 2.5

(2.5)
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’ d 1
M l,mumammum@uamqum

y' = M[( f=12

U

) 1] fogtn)

=M My,
A
1o
A o d‘ 1
M ARTIMIUTBYANGUIN
n AT IUIUVDIT VoD
q, Aosuuamai i ﬁgﬂq'mm (=1,2,...S 1A r=1,2,...,n)
Tuea (d_,.d]

+r

AvTIUAMIATN i QAT

ADTIUIUTNNYNTUI

1 Input: Dataset with i continuous attribute, M examples and § target classes;
2 Begin

3 For each continuous attribute A;

4 Find the maximum d, and the minimum d, values of Aj;

5 Form a set of all distinct values of A in ascending order;

6 Initialize all possible interval boundaries B with the minimum and maximum
7 Calculate the midpoints of all the adjacent pairs in the set;

] Set the initial discretization scheme as D: {[du.d,] }and Globalcace =0;
9 Initialize k= 1

10 For each inner boundary B which is not already in scheme D,

11 Add it into D

12 Calculate the corresponding cace value;

13 Pick up the scheme D’ with the highest cace value;

14 If cacc > Globalcacc or k < § then

15 Replace D with D’;

16 Globalcace = cace;

17 k=k+1;

18 Goto Line 10;

18 Else

19 D’'=D;

20 End If

21 Output the Discretization scheme D' with k intervals for continuous attribute A;;
22 End

ﬂ‘ﬁ 2.2 Pseudo code ¥049anD3 N CACC (Tsai, Lee and Yang, 2008)

ﬁ]”lﬂT]JVI 2.2 1@94 Pseudo code UDIDANDI

iy cacc Tasfmualy i Aeneduiniludiay

1 % @ a <
@@lu@\i, M ﬂﬂsllﬂ%la%qull'] uag S ﬂi’)ﬂmﬁﬁj”mm& Tﬂﬂﬁﬂluﬁﬂu‘uﬂﬂﬂaﬂﬂiﬁu CACC 11u

[

Nl

=le
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A Y =K 9 v da g o 1 A <3 YA ' .
1. Gududsdoyannaeaminiuduavaeoiiouny’dn 4, n1A1 maximum
(d,) 8¢ minimum (d,)
2. MUUAYII boundaries (B) 91AA1 maximum LA minimum
3. MUINYATINANYDINNVD VAT DGAANU
4. Mmuagduuumsuuesales D:{[d,d ]} 18g Globalcace = 0
5. Mvua k=1
2 A o o A g 9 A
6. M3EIN kth, Arurmnngadandlulil1d Tasnain cace Nliargaga
UALABTHANAIG k+1
Y [ ] 1 d'dd' Y A [ [ Y a KR
7. asngluuumsuiayngesnanga lasldismsmloununudanasny
CAIM

Yy Y 1 { 9 R { a
8. §1a319A1 cace 39UN k+1 W8NI1A1 Globalace 1usoUN k 32YA

1 [ 9 I v J
ﬂﬁgll'gufﬂﬁlla3ﬁ'\igﬂllﬂﬂﬂWﬁLL“U\?GD"J\WJ@i;!a@@ﬂLﬂuNaa‘W‘ﬁ

3. 5ﬁﬂ6§ﬁﬂ Ameva

v

a K . I o a R 1 [} 9 A d
9aneINy Ameva (Abrilet al, 2009) (VudanoINUNITUUIFIVYaNI] Y

( 1 4 =l X 1 A 1 [ @ J 1 @ A ]
mmwmﬁamuumﬁ'ﬂﬂaau G’]?\‘i%3“1)”JEJL‘W3JﬂTf‘ﬂi1/?1?1’NiJﬁ'iJWU‘ﬁi%W’JNG]’JLL“]JiﬂE]Qiu Chi-

U

aa 9 ' v vy ~ o A 1o & ¥
square TUNNEDANAZIZAS WF VIOl ieNge Taedano Ny Ameva lisuTludoq

MAUUATIUIUVDIFNTOLANADINITILULIY FIAWITDAIUIUAT Ameva LaAIaUNITN 2.6

U

AmebpL X2 26)
meva(k) = k-1 :
Tagiviuald
k uNUAIBTILIUTIToYA

() = N -1+ 3, 5, 1)

jzlninj
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2.1.3 dana3NUMsuVINgNYeYa (Clustering)

v

= 1 1 9 I a <Y ] R Aq Y
@aﬂ@s‘vmmmmﬂqm@yjaLﬂuﬂizmumiamﬂzwmayjaamwumiﬂmm

Y o A 9 19 AA o A v @ 1 = o
NHNATUNMITNUYNDIVDY A Tﬂaﬂm‘uw@mmaﬂymzmmaﬂu”lﬁuﬂqmﬂmﬂu (Cluster)

Y

A

sq ¥ 1 J Z @ .. . A ya .. =
Tagnann 1suanguizIANAMN LY (Similarity) #30A21W1Na%A (Proximity) BIN1
18a1n1a1e7% 151 M3daszezunugada(Buclidean distance) 1AM IATZOZUUULNUTAAL
I
(Manhattan distance) dudu (Wikipedia, 2012c¢)
% a R 1 1 Y R Aa o 9 o 1 J A [ v
ganeInumstInguiayarilanieniinlénuegiaunivals Ao N13vangy

v . & Yas 1 9 g T @ ' A Y A
6IJ’E]lqu'mlf]_l“]_I k-means clusterlng Gﬁﬂiﬂf’)‘ﬁllﬂ\iﬂ]@i&ﬁ@@ﬂlﬂuﬂtjiJ')ﬂﬁ]'lﬂﬂ?i$ﬂ$‘1/ﬂﬂ‘ﬂH’ﬂﬂ‘ﬂtjﬂ

9 o ' ' . g o '
FTHINVDYA LASYAFUINAWUDILARSNQN (Cluster centroid) Iﬂﬂﬁﬂlu@@um@\?ﬂ'ﬁﬂﬂﬂqu

éﬁjﬁ)gmmu k-means clustering (Wikipedia, 2012d) Wudail

o ) U 1 o 4 2 . o
L. MYUANUIUNYN K N uazmwuﬂ@ﬂquﬂﬂammﬁu (Centroid) 914U K

=

A A J Y
f (ETJVI 23D KD 3 !,Lﬁ$LWIL!‘QﬂﬂuﬂﬂﬁTQﬂ?ﬂﬂ’]W?ﬂﬂaN)

°D

= J A

9 gJ/ ) A A o 9 VoA 1 Y
1UDUANINUA (UNUAIYNINTLHAYN) 71]ﬂl‘lﬂﬂ'ﬁjﬂﬂﬂﬁ]ﬂﬁﬂﬂﬂﬁWﬂﬂﬂgiﬂﬁ

QU q U

A

pyauULINNFA TAgAIUINIINNITIATZIZHINTZHINToYAN YA
4

Qe

AuUINaN (31N 2.4)

]
= 1

o Jd 1 U = 9 1
3. muwragagudnan K 9alvy Tasviainaundenndoyanoglungy (i

L1l Q U

=h.

2.5)

Y v 0 H 1
4. v ludle 2 aunszigagudnans hinjasuuilas 317 2.6)

Doo

D@ Q

oo
®ooo

oo

H ° ° ] ' o 4 A . o
qﬁlﬂﬁ 2.3 MUUANUIUNYN 3 NQV Llaxmﬁuﬂﬂﬂﬁuﬂﬂmdﬁnﬁ}u (Centroid) 314U 3 0

(Wikipedia, 2012d)



31N 2.4 u1ﬂlﬂuaﬂﬂﬂnﬂ%ﬂlﬂl1ﬂdnﬁﬁﬂﬂﬁuﬂﬂﬁNﬁﬂgﬂﬂﬁﬂlﬂHﬁl&Hiﬂﬂﬁ@ﬂ

(Wikipedia, 2012d)

[

51/ 2.5 Mudagagudnans 3 9all (Wikipedia, 2012d)

51 2.6 i lude 2 sunszitigagudnansliin/deuntas (Wikipedia, 20124)
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U v d
2.2 MAKFNWUS (Correlation)

@ o J @ v Jda ' @ @
AHAUNUD ﬁﬁ) ﬂﬁ‘ﬁTﬂ’JHJﬁiJWU‘ﬁLG]NL&ju (Linear relationship) 5219a s 2 @9

'
v o JdAa o o

dy &2 1 Y A 1 1 a £ v o .
uﬂimu"lﬂ Cﬁﬂﬂ1ﬁﬁﬁuwu‘ﬁﬂﬂ1u3ﬂlﬂﬂﬂuﬂﬂ iFen mdulseansandunus (Correlation

J @ @

coefficient ) 1¥dayanwal r unuszauANuduNUS @asnT 3u15a9, 2012) Aam15197 2.1 Tag

a

o 1w £ o v ' @ [ {
nsomuIMMaNYsEaNTanduNus T HINa s x uag y llﬁﬂ\iﬁhﬂﬁ“ﬁ 2.7

n f— f—
1 Xi =X\ (Yi—¥
r = (2.7)
n—1¢« Sy Sy
i=1
o Y
Tagimua
n unuiuIudoya
) =
X;  unutaya x 47 i
X unuANRAsAILS x
Sy unuandeuuuuasguals x
) o A
yi  unuteyay i
y unuAuRasals y
Sy wnusndsaanasgiudals y

A v 1 o o v o dIda
AT NN 2.1 imum’duujmﬂmammanwummgﬁu (Hinkle et al, 1998)

Ir| sTAUANNENWUE

=) [ A o :':

0.00 - 0.30 NANUANWUT IUTZAVANIN
= o L )

0.30 - 0.50 UANUFUWUT IUTZAD
=} [ L o

0.50 - 0.70 Nanudunwus luszauiluna
=} [ L o

0.70 - 0.90 UANUFNNUT TuzALge

0.90 - 1.00 Hanudunius luseaugaunn
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2.3 1A5790A (Measure)
2.3.1 Support

v A Y o = o A a dy [ A 9 @ 1
NW@]ﬁ’JﬂVIGlG]f’Jﬂﬂ’JﬁJﬂ‘U@\‘]Lﬁﬂﬂﬁmﬁﬂﬁmﬂﬂﬁﬂ!ﬂlﬂﬂﬂll&i’)h HUITBNIBDUNUA
¥

Y
% ~ 1

= 9 ~ o ~ [ v Ja a g 9 1 o

Nunveaiieala Tagiuanudanudunusnnavuniely AVDYAUU (TN MFUUAYU
{ a 2 o 4

(Support) tHuAMIugUN 2.7 (Wikipedia, 2012b) uaaamsinaduniounuveungniIsol A

1Az B HIMUBHINT intersect VOUFAVDUNANTH A UALIFAYDUNANITD] B

A Intersect B

A a o
319 2.7 Mm3parignIel A az B

1 J ] U { Jd 4 a o 21/
%Tﬂgﬂﬁ 2.7 msmmﬁum{uuiumuﬁmgmm A HAZIANITH B INATINAU UUTIWITD

o Yo A
mmm"lﬂmzmmsm 2.8

Support{A - B} = P(A A B) (2.8)

doyalum1319N 22 (Lai and Cerpa, 2001) UEAIAIDENNITHIAIAUDAYUVOINITIAA

m@;mmf {A—B}, {B—C} uag {AB—C}

M319% 2.2 A8 NMIMIATU ALY

TID Items Support {X} = Occurrence {X} / Total Support
1 ABC
2 ABD Total Support =5
3 BC Support{A—B} =2/5=40%
4 AC Support{B—C}=3/5 = 60%
5 BCD Support{ AB—C}=1/5 = 20%
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2.3.2 Confidence
' A @ < A oA a X ' o
A1ANULYFOUU (Confidence) LTJ‘Llﬂ'liﬁ]ﬂ]?ﬂﬂﬂl'ﬁ]\u‘ﬂﬂﬂ'ﬁmﬂlﬂﬂﬂ]u JI3UNUY
s a A A a dal 1 % 1 A a 4 9 1 1 ~ a 4
WANMTUNINADU €] NAAVUITINNU LBU LUBINAANIT A !Lﬁ')llﬂﬂllﬂhlﬂu'ﬂ“ﬂglﬂﬂ!,ﬁi{]ﬂ1§m

B (Wikipedia, 2012b) H#aa111350Muiamiaanuiesu lansaumsn 2.9

) awdves A waz B
Confidence {A —» B} = (2.9)

anudves A

! <3 o 1 ° ' §y 4 v o
ﬂ’]ﬂﬁ'ﬁ'mﬁ 2.3 lﬂuﬂ’]illﬁﬂ\j@'J@fJ’Nﬂ’]iﬂ’]u'Jﬂ!ﬂ']ﬂ’J']Nl%@uuell@\jﬂj;]ﬂjﬁluﬁuwu‘ﬁ {A—B},

{B—C} uag {AB—C}

A13197 2.3 AI9819NTHIAIAUFBNY (Lai and Cerpa, 2001)

TID Items Given X Y
Confidence = Occurrence{XAY} / Occurrence{X}

1 ABC

2 ABD Confidence{A—B} =2/3 = 66%

3 BC Confidence{B—C} =3/4 = 75%

4 AC Confidence{AB—C} = 1/2 = 50%

5 BCD

2.3.3 Lift

. I v A Y o a a o v 7 v a Aa
Lift ﬁ]gl‘l]uu?ﬁﬁ?ﬂﬂjsﬁﬁﬂﬂigﬁ‘ﬂﬁﬂ'lwﬂi;]ﬂ'll']llﬁuwu‘ﬁ Iﬂﬂﬁ]gjﬂﬂ'ﬂ‘ﬁWﬁﬂlf’Jﬂﬂa

o o oJda X . . = o Yo =
ANUANNUTNNAVY (Wikipedia, 2012a) C]f\‘lﬁ"l?J"liﬂﬂTl!’Jil!ﬂﬂﬂ\iﬁlJﬂWﬁV] 2.10

_ anuesiuves A > B
Lift {A—- B} = P(B) (2.10)

. LAy Y g < Y1 Y a o v a ¢
A1 Lift w"lﬂaaﬂmuui]zmmmuaﬂmmu,ﬂu"lﬂ"l@m DUNALHANTTN A HAIVSINALNAN TN B
=< 3‘/ c’g’; 9 ds! 1 [ A . A 9y g’/ = =
c}fdmamm@;mimummawumﬂu le!ﬂ'iiLl“I/]ﬂT Lift V]hlﬂf]ﬂﬂlﬂuuiJﬂTIITﬂ‘Villﬁlﬂﬂﬂa
v '

o o AN YO A o w = ° Pl o o ' o ! .
mmauwu‘ﬁw”lﬂuuummmﬂmoumwamxm”lﬂﬁlﬂumimma FAIVYNINITATUIUAN Lift

mmm@mm’f {A—B}, {B—C} uag {AB—C} uaadldninisnan 2.4
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A Y 1 1A 14
A5 19N 2.4 A20819MTHIAANT

TID Items Given X Y
Lift = Confidence{X—Y} / Support{Y}
1 ABC
2 ABD Lift {A—B} =0.66/0.80 = 83.33%
3 BC Lift {B—C} =0.75/0.80 = 93.75%
4 AC Lift {AB—C} = 0.50/0.80 = 62.50%
5 BCD

2.3.4 Coverage
1 < o Aqya = v o
AT (Coverage) Lﬂummmwhwmﬁmmmammngmmﬁnwuﬁmﬂ

A = B iz aunngmdoya (Michael Hahsler, 2011) Fsemansamiuia laasaunisi 2.11

Coverage{A — B} = Support{A} = P(A) 2.11)

o 1 o 1 4 [
AI9Y1NNITAIUIUAT Coverage VBUNANITD {A—B}, {B—C} lag {AB—C} uaraa lasa

A
AITNN 2.5

M50 2.5 AI9INNMIMIAINTOLAQ

TID Items Given X ™Y

Coverage = Support {X}

1 ABC

2 ABD Coverage {A—B} =3/5 = 60%

3 BC Coverage {B—C} =4/5=80%

4 AC Coverage {AB—C} =2/5 = 40%

5 BCD
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Y] v d
2.4 MIMINHANNANNUD (Association rule mining)

v v I a X o
MIHINYANNFUNUS (Association rules mining) Humatanilslumsiuniiosdoya

v
(% I

Ay o o s A a X o A ¥ o Y o v
NAUVIANNAUNUTVDIUWANITUNWTOIAYNUNAVUIINAUNTONIDUAU UATUINITINNG

Q

da! o Z o Y4

Y ! H o < A v
ﬁumgﬁeﬁ%xmu1t’Jm@mimw‘%amimmummmauu d Tueinan G?);\iﬂ']ﬁ?i'lﬂg]ﬂ’ﬂllﬁuwwﬁ

q

(43

° Y

v v ' a ¢ A X 2 9 9 ¥y X a
UHUFTVTOU "lﬂ“lsmm"lﬂwmﬂgmmu U MTAATICHNANTTUFITUAT DIGNAFDTAUAT A

[

Y] ¥ I a = 19 A a A
udninazdo B enu'lidne tludu vaz ldnavisesnmervesnumamudscansnnlunism
[ Y R:( [ ] A <3 [ v J A 1
NANNFUNUS luUuUUA1 9 5y mamuanuE lumsmnganuduius nsuaiam
o ] v o [ I
9nABY (Accuracy) 130mMslszgnaldmsminganudunusnudoyalugluuuaie q Hudu

o v Y = @ { a o
(Agrawal et al,1993) Glumimﬂgmmauwuwufnzﬁmumiuummammmﬁmﬂm@mimc?ﬁ

a Y 9 v i A
WBTUIYAIYVIUAAIDYNAIUATI NN 2.6

H Y 9
AN 2.6 T1UMIFOFUMVDINAININUA

S1MaUM uay W YU &nsen
1 1 1 0 0
2 0 1 1 0
3 0 0 0 1
4 1 1 1 0
5 0 1 0 0

a 3 v A a g Yy 9 o ' a X
1NNT NN 2.6 Lﬂu"ll@ia!ai']flﬂ']jclfﬂﬁuﬂ'lall@\iﬁﬂﬂ’] L!a’gu']ulﬂW1uﬂ15ﬂ1ﬂ31ﬂﬂﬂl@\1ﬂ1icﬁﬂ

Y

a 9 9 J Qy a Y A @ Y4 a 9 1 ] & Y o
ﬁummmgnm“lmmawmmaum LWi’)?i”Iﬂ’JHJ?flIWuﬁﬂl@ﬁﬁuﬂ%mﬁZi’)ﬂ”lﬁ‘flfﬁsﬂzllﬁﬂﬁulﬂﬂﬁ

v
o

= o ¥ @ o a 9da = v o -
M0 2.7 vasnniunezihdumndanuage ldaienganuduius aseglugiuuvves
P ?1// [ f
If condition Then result Tagtnmaiii 19 lumswangiiu figail
I A 1 Ada dg! ] 9 ]
- Support llumaivenNANURRAAIULIDENINTRENA 1111
I VoA 1 ~ a tg [} Y L. a ,éf
- Confidence lumNuond Tomanazinad 154 913 condition tATY Tona

d‘ a = 9 1
NILNA result umﬂuammhlﬁu



{ . f a 4 o o J a 1 1
M35199 2.7 A1WDV0IMIFoAUMVBIgNA 1o IANUF U U VeIFUR WAAZDE1
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Y W YU l&nsen
Hy 2% 2 1 0
W 2 4% 2 0
YU 1 1 2% 0
1&ansen 0 0 0 1*

9 o ' { Y v o IA Y o
%1ﬂﬂl®yﬁ¢n@ﬂ'lﬁﬁ'm¢]'li1ﬂﬁ 2.6 2.7 ﬁuﬂiﬂﬂuﬂ1ﬂaﬂ'ﬂﬂﬁﬂ7‘luﬁﬁﬂﬁgﬂﬁlﬂﬂ’JEJNWIfJ’Jﬂ

Support, Confidence, Lift 118¢ Coverage Lea4 1A 313199 2.8

{ v o o
Gﬂi'l\?ﬁ 2.8 ﬂg]mmﬁmwummzmmm Support, Confidence, Lift linig Coverage

ng]mmffuﬁuﬁ Support Confidence Lift Coverage
YUY => U 0.2 0.5 1.25 0.4
HU => YUY 0.2 0.5 1.25 0.4
YUY => ‘1?1 0.4 1.0 1.25 0.4
‘1?1 => YUY 0.4 0.5 1.25 0.8
Yy => ‘l?i’”l 0.4 1.0 1.25 0.4
1217’1 => Uy 0.4 0.5 1.25 0.8
HUVUY => ‘l?i’”l 0.2 1.0 1.25 0.2
1?/1,6111!% = U 0.2 0.5 1.25 0.4
uiJ,fl’H => YUY 0.2 0.5 1.25 0.4

= v ¢ ]
2.5 m3euldsunsuaiamunes (R language programming)
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. J I a do A o Y o A
source) (Paradis et al. 2004) ME0F UM B UFITINTY NUANBULABAVNIE S 1HDI1N
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d
2.5.1 M31FNUMBI915 (R Tutorial)
s A o A ) A a o ) = A 3 o
M1 UNMBUFININFUNIUINAVUUIAATITAY (Object) TIVLUMTIAUAD

wils Yoya nazilasFueglugiunuFeiag dawanalugli 2.8

>x<-20
>y—>30

>z=40

3 1

td' o 1 Y v % J
E‘IJVI 2.8 aregumsmuuam lvnuaiudsluniwiens

o ' Yo o g o [ @ 1 §
Tumstmuam ldnudulsiuansadimualdvaregiuuuawaasludieds (U 2.8)
= = A 1] (K] o 9 A I A = Yy K
G]NV;Iﬂqﬁ;ﬂL!,'LI1J3Jﬂ’J'lllWN'IFJLW?J@UﬂULLG]ﬁ'JHﬂJ']ﬂiJﬂGLGH x <- 20 Luﬂﬁﬂ’lﬂ!ﬂuﬂ’liﬁﬂﬂﬁﬂ’li@’lﬂﬂ\1
@ 4 J o 1A 4 a 14 1 9 @ A ao £
A1) u'ﬂﬂi]'lﬂﬁﬂ1‘]&!']'015ENﬁ'lll'lﬁﬂslﬁuWQUﬂWQﬂmﬁﬁ']ﬁ@ﬁcluigW'J'l\iﬂ'lﬁ’t’]'l\iﬁ\??]iﬂq GLEERRE

malszan, 2012) aaaadluziln 2.9

>x<-20

>y <- 2072

3 1

A 1A 4 a 14 1 Y KR o
3‘]J‘VI 2.9 mamamﬂauw%umaﬂmmmﬁmﬂmzmnmsmqmmq
¢
2.5.2 NnAdJI (Vector)

3 v s Yy v o ’ s =
ﬂ'lilﬂ‘U"U’fJiqllaGluﬂ']‘kﬂ@WﬁIﬂi\?ﬁﬁ']\?"U’f]i&l'ﬁNﬂﬂgﬂgiugﬂ!lﬂﬂﬂlﬂﬂnﬂlﬂﬂi BN

) vy & ° " A ) 28 v I A
’G’f'lll'liﬂ!,ﬂ“]J"ll’f]ll”ﬁﬂ'lflcluulﬂﬂiﬂa$ﬁ]'lu3u3ﬂﬂ Lm"lﬂlﬂ"U’E'N"lJ'E')lluaﬂWﬂiulﬂﬂlﬂﬂiuuﬁﬂﬁlﬂu%uﬂ

=S % 1 g’l a a o QJ =) % d’
@eINUNIIY (Naddna Nalszan, 2012) aweaaslugidi 2.10
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>c(1,2,3,4,5,6,7,8,9, 10)
(1112345678910

> ¢(1:100)

[11123...100

> c(“A”, “B”, “C”, “D”)
[I]ABCD

> ¢(TRUE, FALSE, FALSE, TRUE)

[1] TRUE FALSE FALSE TRUE

ti' % 1 9 J
E‘IJ‘V] 2.10 99 NMTTINLINKDT

9
v

1 4 [ {
Tuduvesmsienlddeyannaesuuaunsald [ 1 TumsBenly aweaaclugdi 2.11

>x<-¢(11,12,13,14,15,16,17,18,19,20)
>x[1]

[1]1

> x[c(1,2,3,4)]

[1]111213 14

A (J i = 9 4
gﬂ‘ﬂ 2.11 G]’JE)EJNﬂﬁLiEJﬂSlGHL’JﬂMEﬁ

2.5.3 1lsudoya (Data frame)

) 3 o 9 Aa o Yo I A A 9
Lwimagmﬂuaﬂymzsummey,a‘nuﬂuuwuﬂ%ﬂmﬂumummuewwmmmega

= o I o Y < 9 9 4 o [
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> data.frame(Age=c(’20°,°21°,’18°,°19°,°15"),
+Sex= cCM’,’F’,’F’’M’,"M”))
> my.dataset
Age  Sex
1 20
2 21

M

F
318 F
419 M
M

517 2.12 Megrumsasasudoya

Y [
msisenldsudeyatuamsoiFonld ldnateuny awaaslugld 2.13

> my.dataset$SAge

[1] 20 21 18 19 15
> attach ( my.dataset )

> Age

[1120 21 18 19 15

> detach (my.dataset)

g1 2.13 dedmsBen ldwlsudoya

2.5.4 Wandulumuers

J I a do o Y J o § < o
mu1o15ifunuFafensuasingldausoadaidenunonuyaddad

9
o % 2

a ) A~ Y = Jo Ao 2 a a o =
Lﬁﬂﬂl%\ﬂﬂ!ﬂﬂﬂﬂ?WN@@\iﬂqi cﬁﬂﬂﬂﬂ UNNMUUAVUNTIUUISHANHUSITIING Iﬂﬂllgl]!lf].l‘llﬂ’]j

Jou W {
Weulanyuauaaslugili 2.14



24

4 d o a o
FoWINFU <- function(YAVOINITIADT) {

YAVDIAINN

{ o 4
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< v o & 1 o ' ] ) o o
maveuiansulumudeateu 1 mdane 1 ussnalagd1imsdaanady 19 148d4 return()

' 1N o o YR o o < [ v @ {
At Lulidda return() 22 1¥wadns lumdsgameatiumsaesnindy awaaslugld 2.15

> fr <- function(data){
x<-length(data)
return(x)
§
> fr(c(10:100))
[1]190
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Algorithm Chi2+Select target

//Input: Dataset D.

//Output: New discretized data, Cut point.

1) categorical type = check type(D);

2) if categorical_type is true {

3) target = minimum_ correlation(D);

4) {numData, list} = extract numeric(D, target);
5) {discData, cutp}= chi_sq(numData);

6) disc_data = replace data(D, discData, list);
7) }else{

8) {disc_data, cutp} = kmeans(D);

9

10) as_factor(disc_data);

11) return {disc_data, cutp};
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Procedure check type (data)

1) SettypetoF;

2) For each attribute i {

3) If data[i] is categorical {
4) Set type to True;
5) Break;

6) }

U

8) return type;
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Procedure minimum_correlation (data)
1) Set minCor, point to 0 and count to 1;

2) For each attribute i {

3) If data is numeric {

4) list[count] = i;

5) count = count+1;

6) H

7}

8) For each attribute i {

9) If data[i] is categorical {

10) cor = correlation(datal,list], datal,i]);
11) meanCor = abs(sum(cor)/length(list));
12) If point == 0 {

13) minCor = meanCor;

14) point =i

15) }else {

16) If min > meanCor {

17) minCor = meanCor;
18) point =i

19) }

20) }

21) §

22) }

23) return {minCor. point}:
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Procedure extract numeric (data, class)

1) Setcountto 1;

2) For each attribute i {

3) If data[i] is numeric {
4) list[count] = i;
5) count++;

6) }

7}

8) list[count] = class

9) return {data[list], list};
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Phase 1:
set siglevel = .5;
do while (InConsistency(data) < 4) {
for each numeric attribute {
Sort(attribute, data);
chiisq—initialization(attribute, data);
do
chi-sq-calculation(attribute,data)
} while (Merge(data))

siglevel0 = siglevel;
siglevel = decreSigLevel(sigLevel);

Phase 2:
set all siglvl[i] = siglevelO for attribute ij;
do until no-attribute-can-be-merged {
for each attribute i that can be merged {
Sort(attribute, data);
chiisqfinitialization(attribute, data);
do
chi-sq-calculation(attribute,data)
} while (Merge(data))
if (InConsistency(data) < 4)
siglvl[i] = decreSiglevel(sigLvl[i]);
else
attribute i cannot be merged;
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Procedure replace_data (data, discData, list)
1) For each numeric attribute i {
2) data[list[i]] = discDatal[il;

3)

4) return data;
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New dataset

Age Sex  |Ability Level | Status
1-22 M 1 Single
23-35 M 4 Basher
1-22 F 2 Single
23-35 F 5 Basher
1-22 M 3 Single
23-35 M a Basher
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Procedure K means (data)

1) Set km and disCutp to list;

2) For each attribute 1 {

3) km([i] = kmeans(data[i]);

4)

5) For each attribute j {

6) data[j] = km[j]$cluster;
7) disCutp[j] = km[j]$centers;
8) }

9) Return {data, disCutp};
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Age Price Weight Height Age Price Weight Height
10 150 60 160 1-15 1-150 56-70 1-160
26 300 70 170 K-means 1620 | 156-250 | 56-70 | 161-175
14 420 65 166 —_— 1-15 350-400 56-T0 1-160
30 100 55 150 20-35 1-150 1-55 1-160
18 130 80 175 16-20 1-150 71-80 161-175
35 148 40 149 20-35 1-150 1-55 1-160
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Test Data
[ ]
Y \
Rule 1 Rule 2 Rule3 || coeiieiiins. Rule n
True and False True and False True and False True and False
of Rule 1 of Rule 2 of Rule 3 of Rule n

Sum of True and

False

!

Accuracy (%) and

Error (%)

A

317 3.16 vurRAveITMINATOVsTANTNNVBINYANNTUWUS

~ a a A A [ V4 H '
%'lﬂq‘i;ﬂﬂ 3.16 Llﬁﬂ\?'ﬁiﬂ1§ﬂﬂﬁ@ﬂﬂi$ﬁﬂ‘ﬁﬂ'}w3%"Uﬂﬁﬂaﬂ’ﬂllﬁllwu‘ﬁ Iﬂﬁ]@]\‘illﬁ
9

Y 1 1 o ] I .. 1

ﬁuu@mummmmﬁaga%mmmm%’ayjaaamﬂu training set LA test set Tuauvesns
a A Y9 9 a o Y [

maauﬂﬁzﬁmmwaﬂwagaiu test set nmm’mﬂ%ﬂszmuwamimmammmaxﬂa
o o JAY Y Aas o 9 o o [ v J FY I~ 1
ﬂ’J"IllfTiJ'WLl‘ﬁTl"lﬂﬁ]TﬂTﬁLL‘U\‘]GH’J\‘]“]J@HZ?ﬁ?ﬁiﬂﬂ?iﬁ?ﬂgﬂ??ﬂﬁuwu‘ﬁ uamz"lﬂaaﬂmmum
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Training set

Age Sex  |Ability Level | Status
1-22 M 1 Single
23-35 M 4 Basher
1-22 F 2 Single
23-35 F 5 Basher
1-22 M 3 Single
23-35 M 4 Basher

o o
l MNYANNANTLS

Age Sex  |Ability Level | Status Rule
23-35 F 5 Basher . Status=Basher ==> Age=[22 - 35]
. N : < ungdan
3-3 v 5 ngle ngA i Age=[22 - 35] ==> Status=Basher
1-22 M 1 Single | ———————p |Ability Level=5==> Age= [22 - 35]
1-22 F a Basher Ability Level=2==> Sex=F
23-35 M 2 Single Ability Level=5==> Sex=F
1-22 F 3 Single Ability Level=5==> Status=Basher
Sex=F Ability Level=5==> Age=[22 - 35
Test set Y ge- | ]
Age=[22 - 35], Ability Level=5==> Sex=F
Age= [22 - 35], Sex=F ==> Ability Level=5
Ability Level=5==> Age= [22 - 35], Sex=F
JauszanSnm
AUy
Test Data Prediction
Rule
Recordl | Record? | Record3 | Recordd | Record5 | Recordé True False
1 |Status=Basher ==» Age=[22 - 35] 1 null null 0 null null 1 1
2 |Age=[22 - 35] ==> Status=Basher 1 0 null null 0 null 1 2
3 |Ability Level=5==> Age= [22 - 35] 1 1 null null null null 2 0
4 |Ability Level=Z==> Sex=F null null null null 0 null 0 1
5 |Ability Level=5==> Sex=F 0 0 null null null null 0 2z
6 |Ability Level=5==> Status=Basher 1 0 null null null null 1 1
T |5ex=F Ability Level=5==> Age= [2Z - 35] 1 null nuall null null nuall 1 0
8 |Age=[2Z - 35], Ability Level=5==> Sex=F 1 0 null null null null 1 1
9 |Age= [22 - 35], Sex=F ==> Ability Level=5 1 null null null null null 1 0
10 |Ability Level=5==> Age= [22 - 35], Sex=F 1 0 null null null null 1 1
Sum 9 9
Accuracy (%) = (True*100) / (True+False)
= (9%100) / (9+9)
=900/ 18
=50%

v
=

{ o 1 Aa a 1 ] I Y 1 4 o ]
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3.3 malyauldsunsy

Y
=1

&l U a 9 o 9 Ad o 1 A
Luawﬂumumz ‘ﬁmamﬂmmmmTﬂmﬂmmmmmwemmﬂummﬂmmum

Y
v A

o Y v o ] o < g
TNIUVINHANNATNNUD Tﬂﬂ%xummim@mmmTﬂmﬂiuaamﬂumuﬁ’aumu

3.3.1 mamsandoya

9 [

9 1 1 Y A d (3 1 A
mﬂﬂmmiﬂmﬂmm:imeawagamﬂummmmLumawmumﬂg

o ¢ Y o ¢ v & o

o = y9 = o a 9 ! v a o
AIMUTAUNUD Eumg,a‘numﬂﬂmmumimwumumagaimmazﬂ@auu AIUUNITIVYUIN

o Y9 9 !
mMvualvveyanssog lugiuuy arff

u

1 @relation train.data
2 @attribute age numeric
@attribute sex {'female',6 'male'}
@attribute cp {'asympt','atyp angina', 'non anginal','typ angina'}
@attribute trestbps numeric - [ - Ehuﬁ'l“rmﬂ‘?.i‘aﬂ{iﬂgﬂ
@attribute chol numeric
@attribute fbs {'£',"t'}
Battribute restecg {'left_vent hyper','normal','st_t wave abnormality'}

3 @attribute thalach numeric
10  @Rattribute exang {'no','wes'}
11 R@attribute oldpeak numeric ﬂ?u‘t’l’ﬂ“ﬂ
12 @attribute slope {'down','flat',6 'up'} u
13 Rattribute ca {0,1,2,3}
1 @attribute thal { "fixed defect', 'mormal', 'reversable_defect'}
il Battribute num {'<50','>50 1"}
1 Bdata :
1 63, 'male’, 'typ angina',145,233,'t', "left_vent hyper',150, 'no', 2.3, 'down',0,'fired defect','<50"
18 €7, 'male’, 'asympt',160,286,'f', 'lefr_vent_hyper', 108, 'yes',1.5,"'flac’, 3, 'normal’, '>50_1"'
12 &7, 'male’,'asympt',120,229,'f','left vent hyper',129,'yes',2.§,'flat',2,'reversable defect','>50 1'
& 37, 'male’, 'non anginal',130,250,'f','normal’, 187, 'no',3.5, 'down', 0, "normal’, '<50'
21 41, 'female','atyp angina',130,204,'f",'left vent hyper',172,'no’,1.4,'up',0, 'normal’,'<50"
22 57,'female’','asympt',120,354,'f', 'normal’, 163, 'ves', 0.6, 'up’,0, 'normal’, '<50"
2 53, 'male’, 'asympt',140,203,"'t', "left_vent hyper',155,'wyes',3.1,'down',0, 'reversable_defect','>50_1"
2 56, 'female', "atyp_angina',140,294,'f', 'left_vent hyper',153,'no',1.3,'flat',0, "normal’, '<530"
25 56, 'male’, 'non_anginal',130,256,'t','left_vent hyper',142,'yes',0.6,'flat’,1, 'fixed defect','>50_1"
2 44, 'male', 'atyp_angina',120,263,'f', 'normal’,173, 'no',0, 'up', 0, "reversable_defect', '<50'
2 52, 'male', 'non_anginal',172,193,'t', 'normal’, 162, 'no',0.5, 'up',0, 'reversable_defect', "<50°'
2 54, 'male', 'asympt',140,239,'f', "'normal', 160, 'no',1.2, 'up', 0, 'normal", '<50"
2% 48, 'female', 'non_anginal®,130,275,'f', 'normal’',13%9, "'no’,0.2, 'up’',0, 'normal’, '<50"
< 49, 'male', 'acyp angina',130,266,'f', 'normal’, 171, 'no',0.6, 'up',0, 'normal’, "<50"
=il 64, 'male’, 'typ angina',110,211,'f','left wvenc hyper',6 144, 'yes',1.8,"'flac',0, 'normal', "<50"
32 58, 'female', 'typ angina',150,283,'t", 'left vent hyper',162Z,'no',1,'up',0, "'normal', '<50"

58, 'male', 'atyp angina',120,284,'f',"'left vent hyper',b160, 'no',1.8,'flac',0, 'normal’, ">50_1"

~ o ' 9
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' o a 9 < ' oA a 9 ' v J
1) dwmmuariiatoya Hudiumetuestiavesdoyalutaaznedul

' 9 I = 9 J J
2) qIUUDYA Lﬂuiwazmﬂﬂmayaimmamm%m

vy A g v VoA
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1 9 19 a 9 = g’/ (% 9 a 1 (% Y o a K .
BINUDYA LUADTIFUAVDYANNNAIIAY Llazﬂlay,awaﬂquﬂzﬂuﬂu ﬁ]gcl‘b'@aﬂﬂiﬂll Chi2 611«!ﬂ']5
[ 9 ~ o 1 = 9 [ ] ] 9 A I
HUNYINVDYD Iﬂﬂugﬂllfﬂ‘ﬂlla$§I'JfJEJ'anﬁl§ﬂﬂi‘ﬁiﬂﬁllﬂﬁuiuﬁ?uﬂl@ﬂﬂ13LL1J\‘]‘I)"J\‘]5lJ@3J“a°I/IL‘IJu

Aavaeliiod A9 3.19 1ag 3.20 MudAL

Data.disc, cutp <- discretize (data)

{ U [ 3 o 1 4
517 3.19 sduuumsBen s lUsunsuludiuvesmsutsrndeyaiiludavaeriios

=1

11314 3.19 Ao sUuuumsFonlFTsunsuluaruvesmsmisiradeyainiu

[

v ! d‘ A o L;’
Aaunotilod Tasliaandsaail
o

3 1

A A g A
1) data f® ?ﬂm@yaﬂlﬂuﬁjlamﬂﬂlu'ﬂﬁ

2) Data.disc 7o Voyayalvun

U Q

A o A Y ! 9
NUNUNAUAUADIUDIAIYFINUVDYA

9 [

9
A % ] 9 d' 9 1 9 1 ]
3) cutp D i]@115]ﬂGU’E]\1°]5'NGU’E]3Jfl1/]Gl%ﬁ'l'ﬂiiJLLTJQGIJE)ianaSl,HLmaz"K’N

U

A o ' v ~ 9 v Y] A d
13N 3.20 vaasddegmazHaansmMsizenlyllsunsunaiarisveyainiiy

(3

1 4 o A g @ A 1 @ 1 ' v 1
'Jl,ﬁelm@l,ﬁflﬁ T@ﬂﬂaamumﬂummngmmuwﬁ}aamﬁ}amva AIDYNLYU ADAUU age BIN

pyaN |14 Ao 1=<40.5,2=<45.5,3 =<54.5,4=<70.5,5 =>=70.5

e

:[tr'a'i nData<-read, arff("train.data. arff")l <+ ﬁ'\ﬁﬁﬁﬂﬂﬂﬁ?‘l’ﬁﬂdﬁ

>
‘ ‘ i S PRIV doyayaluai

new. Data<-discretize(trainpata) — ﬂ']ﬁququj';qmggda HeY
>
: /
>
> |head (new.pataj$pisc. data)

age sex cp trestbps chol fbs restecg thalach exang oldpeak sTope ca thal num
1| 4 male typ_angina 4 15 t left_vent_hyper 3 no 2 down O fixed_defect <50
2| 4 male asympt 4 20 f left_vent_hyper 1 yes 2 flat 3 normal =50_1
3| 4 male asympt 2 14 f left_vent_hyper 1 yes 3 flat 2 reversable_defect =50_1
4 1 male non_anginal 3 15 f normal 5 no 4 down O normal <50
5 2 female atyp_angina 3 5 f left_vent_hyper 5 no 2 up 0 normal <50
6| 4 female asympt 2 23 f normal 5 yes 1 up 0 normal <50
=
>

@ .y

z AAAGIIUDUA
= s u
=
>

> new.DataScutp
[[1]]
[1] 40.5 45.5 54.5 70.5

[[2]1]
[1] 106.5 127.0 137.0

[[3]1]
[1] 162.0 176.5 183.0 190.0 205.0 206.5 211.5 212.5 216.0 218.5 222.5 225.5 227.5 230.5 252.5 260.5 273.5 276.0
[19] 279.5 301.0 325.5 337.5

[[41]
[1] 146.5 149.5 150.5 153.5

[[51]
[1] 0.75 2.35 3.45 3.55

>

v
(3 J

~ % [] v 7 =] 9 1 1 9 =~ A
gﬂ“ﬂ 3.20 GI’J’EJEINLLEWWﬁﬁ‘l’\l‘ﬁﬂﬁliﬂﬂi‘lﬂﬂ3LLﬂ'§3JLL°]J\1‘If’J\1ﬂI@H@‘VI Huanavnoiiio
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3.3.3 mImnganuduus
= 1 ' v o I % ]
msizenls I)sunsuluainvesmsminganuduwus Ugluuuuazdieg1ans

= Y J v o Jd o A o w
Fonlglisunsuludinvesmsmnganuduiius Asgln 3.21 uag 3.22 muday

rules <- asso (data, supp, conf)

v
=

JUN 3.21 ﬁJufmeiLiﬂﬂhiﬂiggﬂiﬂuﬁaummmmmmwauamﬂummwmum

ngdn 321 uaasglununisiGenldTdsunsuludivvesnisving

v o J A o [ dy
ANUAUNUD Tmumuﬂimu

A g

A Ay o 1 A Y ' 9y
1) dataﬂf) G]fﬂﬂl’e)iJﬁW WLLV]UVI%@H'@WL‘]JH@’Jmﬂl@@ku@ﬁﬂ'}ﬂc}n\ﬁl@yja

@

2) supp A9 A1 Minimum support msumimﬂgmmﬁuwuﬁ

A

3) conf® A1 Minimum confidence §143UNMTHINGANUTUNUT

o v g d v
4) rules o nANNFUIUEN Id0InmsiFonldiansu asso

Lonsnl
|> asso(new.Data$Disc. data,supp=0.4,conf=0. 8)| f—— ﬁ’]ﬁﬁﬁ’lﬂgﬂ?’lﬁlﬁﬁlﬁué
parameter specification:
confidence minval smax arem aval originalsSupport support minlen maxlen target  ext
0.8 0.1 1 none FALSE TRUE 0.4 1 10 rules FALSE

algorithmic control:
filter tree heap memopt Toad sort verbose

0.1 TRUE TRUE FALSE TRUE 2 TRUE
apriori - find association rules with the apriori algorithm
version 4.21 (2004.05.09) (c) 1996-2004 christian Borgelt
set item appearances ...[0 item(s)] done [0.00s].
set transactions ...[67 item(s), 215 transaction(s)] done [0.00s]. ar ar g
sorting and recoding items ... [17 item(s)] done [0.00s]. ﬂﬂﬂ'&’]ﬁlﬁll‘wuﬁ
creating transaction tree ... done [0.00s].
checking subsets of size 1 2 3 done [0.00s].
writing ... [19 rule(s)] done [0.00s].
creating s4 object ... done [0.00s].

Ths rhs support confidence 1ift coverage
1 {1 == {fbs=f} 0.8697674 0.8697674 1.0000000 1.0000000
2 {cp=asympt} == {fbs=f} 0.4000000 0.8958333 1.0299688 0.4465116
3 {slope=flat} => {fbs=f} 0.4186047 0.9090909 1.0452115 0.4604651
4 {slope=up} == {fbs=f} 0.4046512 0.8700000 1.0002674 0.4651163
5 {restecg=normal} => {fbs=f} 0.4325581 0.9029126 1.0381081 0.4790698
6 {oldpeak=1} => {fbs=Ff} 0.4372093 0.9038462 1.0391814 0.4837209
7 {thalach=5} => {exang=no} 0.4000000 0.8190476 1.2228836 0.4883721
8 {thalach=5} == {fbs=f} 0.4325581 0.8857143 1.0183346 0.4883721
9 {age=4} => {fbs=f} 0.4279070 0.8440367 0.9704165 0.53069767
10 {restecg=left_vent_hyper} => {fbs=f} 0.4232558 0.8348624 0.9598685 0.5069767
11 {thal=normal} => {num=<50} 0.4325581 0.8017241 1.4128745 0.5395349
12 {thal=normal} == {fbs=f} 0.4883721 0.9051724 1.0407063 0.5395349
13 {num=<50} == {exang=no} 0.4790698 0.8442623 1.2605305 0.5674419
14 {num=<50} => {fbs=f} 0.4930233 0.8688525 0.99809480 0.5674419
15 {ca=0} == {fbs=f} 0.5162791 0.8809524 1.0128597 0.5860465
[16 {exang=no} => {fbs=f} 0.5860465 0.8750000 1.0060160 0.6697674
7 {sex=male} => {fbs=f} 0.6000000 0.8716216 1.0021318 0.6883721
18 {exang=no,

num=<50} => {fbs=f} 0.4093023 0.8543689 0.9822958 0.4790698
19 {fbs=f,

num=<50} == {exang=no} 0.4093023 0.8301887 1.2395178 0.4930233

v J

317 3.22 dedrauas paansmsizonlylUsunsuluaruvesmsminganuduiug
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3.4 1509 M lum e
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1A30900N ¥ 1118 Uszneudleasaulsiazye ALl aall

4 a d o I o 1 ] o @
1. 1ATe9RouNIADS A 1T UNAUINITHLITNToyad 1M UNITHING
[ Y4 =\ = Y] Ay
ANUFUNUT Taeliseazioenndil
- wﬁaﬂﬂizmawaﬂmq : Intel® Core 2 Duo 2.0 GHz
- WUIANUIIATTD : 320 GB
- MULANNIIYAD : 2 GB
S A A ' o A o
- guUnsaldSuou 9 wu wnd uilunun Judu
Aa oA d o [ o v v 9
2. szvvifamsuasz Tlsunsuilszgnadinsunswainisuliaredoya
o [ [ [} 4
dmSumsmnganudusius Usznoulide

-9 zuuﬂﬁﬁaﬂﬁ : Windows 7 Ultimate 32-bit Operating System

- pgealelumsiannTUsunsy : R Studio 0.96.331



UN 4

msnageutazensiena

Y
Y I3

a A a a a o { &
msnadoulszannmvesszuulY znadeUlszaninmIsulsrsteyaiiiu

o
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AUAVABLUDITINIUNITHINHANNTNNUTAIYDANDINY Chi2 Iﬂﬁlﬂ1illﬁiﬂﬂﬂﬂﬂﬂ
a A Aas [ 1 9 A J % 1 A g).l =1 v A [ a =R A
ﬂizfm/lﬁmm‘ﬁummwagamﬂummwmumuu ﬂgllﬁﬂﬂlﬂﬂﬂﬂ‘ﬂﬂﬂﬁﬂﬁﬂﬁﬂﬂiﬂh fo
8ane3Nu CAIM (Class-Attribute Interdependence Maximization) 1Az 8anNd3 MY k-means HI9Y
2 ! Y Ay v o 1 @ o
Llﬁﬁlﬂ!ﬂﬂ‘]ﬁnﬂﬂ'lﬂ’)'lh@jﬂﬁ@ﬁ (Accuracy) 1/1'1@1i]mmi‘wmwsl,mmaz:ﬂg]mmﬁuwu‘ﬁ uag
o =2 v A L= g o A
VINTIAUINTIIUDN 4 WINTIA AD Support, Coverage, Confidence Lag Lift Futuuasian

v

ueraandounungaNudUITUT

4.1 YoyanlFlumsnaaeu
asn ] 1 9 A g o 1 A ) @ @ v J 9

MINAFBUITLUIFIIVYa T uANavaoIo d MIUMIHINgANNA U T 19
¥ ’ . | X 9 4 o o
U9YANINTFIUIIN UCI Machine Learning Repository #ulluvoyaneinulsnyiile (Heart

'3 A

disease)  @1W1TDA1IULHiAN lan http://repository.seasr.org/Datasets/UCl/arft/ Taoiive ya
Y Y v J v J L] v A g @
narua 303 ued Usznevlddrenedny 14 aeauy ansantuiuneduinduduay
1 4 v J ] 4 4 v o
Aoliioq 5 aoaui uazdoyavzegluglunuveslild arffie 1¥lanumuizaununsiau

woa1sunsu Taslisoazidenniodatoyansgli 4.1



age sex cp trestbps chol fbs restecg thalach exang oldpeak slope ca thal num
56 male atyp_angina 120 236 f normal 178 no 0.8 up 0 normal <50
62 female asympt 140 268 f left_vent_hyper 160 no 3.6 down 2 normal >50_1
63 male asympt 130 254 f left_vent_hyper 147 no 1.4 flat 1 reversable_defect >50_1
57 male asympt 140 192 f normal 148 no 0.4 flat 0 fixed_defect <50
57 male non_anginal 150 168 f normal 174 no 1.6 up 0 normal <50
48 male atyp_angina 110 229 f normal 168 no 1 down 0 reversable defect >50_1
43 male asympt 150 247 f normal 171 no 1.5 up 0 normal <50
60 male asympt 117 230 t normal 160 yes 1.4 up 2 reversable_defect >50_1
43 male asympt 120 177 f left_vent hyper 120 yes 2.5 flat 0 reversable defect >50_1
57 male asympt 150 276 f left_vent hyper 112 yes 0.6 flat 1 fixed_defect >50_1
55 male asympt 132 353 f normal 132 yes 1.2 flat 1 reversable_defect >50_1
61 male non_anginal 150 243 t normal 137 yes 1 flat 0 normal <50
65 female asympt 150 225 f left_vent_hyper 114 no 1 flat 3 reversable_defect >50_1
61 female asympt 130 330 f left vent hyper 169 no 0 up 0 normal >50_1
51 male non_anginal 110 175 f normal 123 no 0.6 up 0 normal <50
44 male asympt 112 290 f left_vent_hyper 153 no 0 up 1 normal >50_1
54 male asympt 124 266 f left_vent hyper 109 yes 22 flat 1 reversable_defect >50_1
51 female asympt 130 305 f normal 142 yes 1.2 flat 0 reversable_defect >50_1
46 female non_anginal 142 177 f left_vent_hyper 160 yes 1.4 down 0 normal <50
58 male asympt 128 216 f left_vent hyper 131 yes 22 flat 3 reversable_defect >50_1
54 female non_anginal 135 304 t normal 170 no 0 up 0 normal <50
60 male asympt 145 282 f left_vent hyper 142 yes 2.8 flat 2 reversable_defect >50_1
60 male non_anginal 140 185 f left_vent hyper 155 no 3 flat 0 normal >50_1

11 4.1 Meddoyaliniale (Heart discase)

U
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Test Data

o
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Train Data
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Discretization
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Association rule mining

Rules

Benchmarks ~

o
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4.2.1 WAV IBNUIYIITOYAAIDANDI NN CAIM
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TumsnaaeuiTulierdoyadiumsninganuduiusare8anes nu

< d ] a =R YR . [ g’.l = 9 v J Ao
CAIM %Qlﬂu@aﬂ@iﬂmuﬂuu?jp‘lﬂﬁ@u (Supervised) ﬂ\iﬂﬂﬂ\?iﬂfﬂﬂaﬂu num NYIIIUIUAAT
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1w I v d Y 9 o o Y v <3| J
miny 4 Wuaedwnidhvineg msizgadeyalsaiilanmualineau num Juneduu

L [ ) ..
Fhuueegnound tagmsningaNudunusivualy Minimum Support = 0.4 uag
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Attributes Cut Point
Age 0-29=1,30-54.5=2,54.6-76 =3
Trestbps 0-94=1,95-143 =2, 144-200=3
Chol 0-149=1, 150-273.5=2,273.6-417=3
Thalach 0-71 =1, 72-146.5 =2, 146.6-202 =3
Oldpeak <0=1,0.1-0.75=2,0.76-6.20 =3
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Rules support | confidence | lift | coverage
{cp=asympt} => {fbs=f} 0.40 0.90 1.03 0.45
{slope=flat} => {fbs=f} 0.42 0.91 1.05 0.46
{slope=up} => {fbs=f} 0.40 0.87 1.00 0.47
{age=1} => {trestbps=1} 0.43 0.91 1.17 0.47
{age=1} => {fbs=f} 0.43 0.90 1.04 0.47
{restecg=normal} => {fbs=f} 0.43 0.90 1.04 0.48
{oldpeak=1} => {trestbps=1} 0.42 0.87 1.11 0.48
{oldpeak=1} => {fbs=f} 0.44 0.90 1.04 0.48
{restecg=left_vent hyper} => {fbs=f} 0.42 0.83 0.96 0.51
{oldpeak=2} => {fbs=f} 0.43 0.84 0.96 0.52
{age=2} => {fbs=f} 0.44 0.84 0.97 0.53
{thal=normal} => {num=<50} 0.43 0.80 1.41 0.54
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Rules True | False
{cp=asympt} => {fbs=f} 39 7
{slope=flat} => {fbs=f} 30 9
{slope=up} => {fbs=f} 33 7
{age=1} => {trestbps=1} 0 0
{age=1} => {fbs=f} 0 0
{restecg=normal} => {fbs=f} 37 9
{oldpeak=1} => {trestbps=1} 0 27
{oldpeak=1} => {fbs=f} 22 5
{restecg=left vent hyper} => {fbs=f} 30 7
{oldpeak=2} => {fbs=f} 12 3
{age=2} => {fbs=f} 33 6
{thal=normal} => {num=<50} 35 13
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Attributes Cut Point
Age 65.38, 42.64, 55.54
Trestbps 115.51, 137.57, 168.71
Chol 310.98, 198.43, 248.80
Thalach 116.22,172.23, 148.99
Oldpeak 3.69,0.27, 1.77
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Rules support | confidence | lift | coverage
{cp=asympt} => {fbs=f} 0.40 0.90 1.03 0.45
{slope=flat} => {fbs=f} 0.42 0.91 1.05 0.46
{slope=up} => {fbs=f} 0.40 0.87 1.00 0.47
{trestbps=2} => {fbs=f} 0.41 0.85 0.98 0.48
{restecg=normal} => {fbs=f} 0.43 0.90 1.04 0.48
{restecg=left_vent hyper} => {fbs=f} 0.42 0.83 0.96 0.51
{thal=normal} => {num=<50} 0.43 0.80 1.41 0.54
{thal=normal} => {fbs=f} 0.49 0.91 1.04 0.54
{num=<50} => {exang=no} 0.48 0.84 1.26 0.57
{num=<50} => {fbs=f} 0.49 0.87 1.00 0.57
{ca=0} => {fbs=f} 0.52 0.88 1.01 0.59
{oldpeak=2} => {fbs=f} 0.52 0.88 1.01 0.59
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Rules True | False
{cp=asympt} => {fbs=f} 39 7
{slope=flat} => {fbs=f} 30 9
{slope=up} => {fbs=f} 33 7
{trestbps=2} => {fbs=f} 36 10
{restecg=normal} => {fbs=f} 37 9

{restecg=left vent hyper} => {fbs=f} | 30 7

{thal=normal} => {num=<50} 35 13
{thal=normal} => {fbs=f} 39 9
{num=<50} => {exang=no} 36 4
{num=<50} => {fbs=f} 33 7
{ca=0} => {fbs=f} 44 5
{oldpeak=2} => {fbs=f} 39 11
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4.2.3 VB IIBNUIYIITOYANILBANDI NN Chi2
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Attributes Cut Point
Age 40.5,45.5,54.5,70.5
Trestbps 106.5, 127, 137
Chol 162, 176.5, 183, 190, 205, 206.5, 211.5, 212.5, 216, 218.5, 222.5, 225.5,

227.5,230.5, 252.5, 260.5, 273.5, 276, 279.5, 301, 325.5, 337.5

Thalach 146.5, 149.5, 150.5, 153.5

Oldpeak 0.75,2.35,3.45,3.55

A ' 9 1 v A d o 1 A Ay ¥ @ a R .
gﬂcﬂ 4.9 mwayaiu&mmﬂaanumﬂummﬂmmu’am"lﬂmﬂaaﬂ’aﬂm Chi2

Rules support | confidence | lift | coverage
{cp=asympt} => {fbs=f} 0.40 0.90 1.03 0.45
{slope=flat} => {fbs=f} 0.42 0.91 1.05 0.46
{slope=up} => {fbs=f} 0.40 0.87 1.00 0.47
{restecg=normal} => {fbs=f} 0.43 0.90 1.04 0.48
{oldpeak=1} => {fbs=f} 0.44 0.90 1.04 0.48
{thalach=5} => {exang=no} 0.40 0.82 1.22 0.49
{thalach=5} => {fbs=f} 0.43 0.89 1.02 0.49
{age=4} => {fbs=f} 0.43 0.84 0.97 0.51
{restecg=left vent hyper} => {fbs=f} 0.42 0.83 0.96 0.51
{thal=normal} => {num=<50} 0.43 0.80 1.41 0.54
{thal=normal} => {fbs=f} 0.49 0.91 1.04 0.54
{num=<50} => {exang=no} 0.48 0.84 1.26 0.57
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Rules True | False
{cp=asympt} => {fbs=f} 39 7
{slope=flat} => {fbs=f} 30 9
{slope=up} => {fbs=f} 33 7
{restecg=normal} => {fbs=f} 37 9
{oldpeak=1} => {fbs=f} 34 8
{thalach=5} => {exang=no} 37 5
{thalach=5} => {fbs=f} 33 9
{age=4} => {fbs=f} 33 10
{restecg=left_vent hyper} => {fbs=f} 30 7
{thal=normal} => {num=<50} 35 13
{thal=normal} => {fbs=f} 39 9
{num=<50} => {exang=no} 36 4
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Attributes Cut Point
Age 57.5
Trestbps 1355
Chol 162, 177.5
Thalach 145.5,152.5,173.5, 178.5
Oldpeak 0.05, 0.85, 1.25, 1.45
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Rules support | confidence | lift | coverage
{cp=asympt} => {fbs=f} 0.40 0.90 1.03 0.45
{cp=asympt} => {chol=3} 0.40 0.91 0.96 0.45
{slope=flat} => {fbs=f} 0.42 0.91 1.05 0.46
{slope=flat} => {chol=3} 0.44 0.95 1.01 0.46
{slope=up} => {fbs=f} 0.40 0.87 1.00 0.47
{slope=up} => {chol=3} 0.44 0.95 1.01 0.47
{restecg=normal} => {fbs=f} 0.43 0.90 1.04 0.48
{restecg=normal} => {chol=3} 0.45 0.94 1.00 0.48
{restecg=left_vent_hyper} => {fbs=f} 0.42 0.33 0.96 0.51
{restecg=left_vent_hyper} => {chol=3} 0.48 0.94 1.00 0.51
{thal=normal} => {num=<50} 0.43 0.80 1.41 0.54
{thal=normal} => {fbs=f} 0.49 0.91 1.04 0.54
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Rules True | False
{cp=asympt} => {fbs=f} 39 7
{cp=asympt} => {chol=3} 43 3
{slope=flat} => {fbs=f} 30 9
{slope=flat} => {chol=3} 36 3
{slope=up} => {fbs=f} 33 7
{slope=up} => {chol=3} 37 3
{restecg=normal} => {fbs=f} 37 9
{restecg=normal} => {chol=3} 40 6
{restecg=left_vent hyper} => {fbs=f} 30 7
{restecg=left_vent hyper} => {chol=3} | 35 2
{thal=normal} => {num=<50} 35 13
{thal=normal} => {fbs=f} 39 9
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A15190 4.1 ANRAY Support, Coverage, Confidence 118 Lift luiaazdaneas ny

Algorithms Support Confidence Lift Coverage
CAIM 0.48 0.86 1.06 0.56
k-means 0.48 0.87 1.06 0.56
Chi2 0.48 0.87 1.07 0.55
Chi2+Select target 0.50 0.91 1.03 0.55
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Algorithms True False Accuracy (%)
CAIM 637 701 47.61
k-means 610 140 81.33
Chi2 641 142 81.86
Chi2+Select target 2325 393 85.54
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Attributes Correlation Accuracy (%)
CP 0.0740 85.54
RESTECG 0.2380 80.58
EXANG 0.2457 83.00
FBS 0.2883 82.23
SEX 0.3227 81.67
THAL 0.3464 81.95
NUM 0.5058 81.86
SLOPE 0.5526 81.60
CA 0.6806 81.53
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cutMissing<- function(data){
cutMissing <-na.omit(data)

return(cutMissing)

check type<- function(data){
count<-1
for(i in seq(ncol(data))){
if(!is.numeric(datal[,i]))
count<-count+1
H
if(count==1)
class<-F
else

class<-T

return(class)

extract numeric<-function(data,class){
list<-c()
count<-1
for(i in seq(ncol(data))){
if(is.numeric(datal,i])){
list[count]<-i

count<-count+1
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list[count]<-class
return(list(data=datal[,list],Is=list))

}

replace data<-function(data,discData,list){
for(i in seq(ncol(discData))){
data[list[i]]<-discDatal[i]
H

return(data)

H------ Find Minimum Correlation
min_cor<-function(data){
minCor<-0
point<-0
count<-1
for(i in seq(ncol(data))){
if(is.numeric(data[,i])){
list[count]<-i

count<-count+1

H
for(i in seq(ncol(data))){
if(!is.numeric(data[,i])){
correlation<-cor(data[,as.numeric(list)],as.numeric(datal,i]))
meanCor<-abs(sum(correlation)/length(list))
if(point==0){
minCor<-meanCor
point<-i

telsed
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if(minCor>meanCor){

minCor<-meanCor

point<-i
H
H
H

H

return(list(min=minCor, point=point))
H
# k-means

k_means<-function(data){
trainData<-data
km<-list()
disCutp<list()
for(i in seq(ncol(data))){
km([i]] <- kmeans( trainData[,c(i)], 3)
H
for(i in seq(ncol(data))){
data[,i] <- km[[i]]$cluster
disCutp[[i]]<-km[[i]]$centers
H
new.data<-cFactor(data)

return(list(cutp=disCutp,Disc.data=new.data))

discretize<-function(data,class=ncol(data)){
cm.data<-cutMissing(data)
if(check _type(cm.data)){
library("discretization")

class<- min_cor(data)
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num.data<- extract numeric(cm.data,class$point)

disc<-chiM(num.data$data,alpha=0.05)

chiData<-disc$Disc.data

disCutp<-discS$cutp

new.data<-replace data(cm.data,chiData,num.data$ls)

}else {
disc<-k_means(data)
new.data<- disc$Disc.data
cutp<- disc$ cutp

H

new.data<-cFactor(new.data)

return(list(cutp=disCutp,Disc.data=new.data))

cFactor<- function(data){
for(i in seq(ncol(data))){
data[[i]]<-as.factor(data[[i]])
}

return(data)

asso<-function(data,support=0.3){
library("arules")

tr <- as(data, "transactions")

rules <- apriori(tr, parameter= list(supp=support))

quality(rules) <- cbind(quality(rules), coverage = interestMeasure(rules, method =

"coverage", tr))

WRITE(rules, file = "rule.csv", quote=TRUE, sep

inspect(rules)

—_nn

,", col.names = NA)
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Abstract

This research aims at studying the discretization methods for numeric attributes in association
rule analysis with R language. There exist many discretization methods for numeric attributes, but they
are most often used in other data mining tasks. We thus study the discretization methods for numeric
attributes in association rule mining. We comparatively experiment with two discretization methods for
grouping numeric attributes. The two methods are Chi2 and Top-down algorithm. The discovered
association rules are then analyzed with the four measurements, that is, support, confidence, lift, and
coverage.

Keywords: Data mining, Discretization, Association rule analysis, R language

o
unuw
A A o e o a e o v e, e e .
luﬂaguuﬂﬁﬂ%mmayammmﬁmiﬁ:wuuﬂﬂmwmﬂmﬁwmmauﬂmayaaqhgﬂuuumm
@ El Y o 5 ~ o .
ﬂﬁiﬂ@ﬂuﬁﬂﬂﬂﬂi:(ﬂ'\i& fﬁugﬂumimﬂﬁa:mﬁagammuummmﬁm‘s’]:u’u.a:gﬁuma'ﬁagagrymu LL@ﬂM
o & o

I @ i 74 o q % = i o aa a =l o
Uﬂﬂﬁmuuuuummmmawag aﬁlmymmumlwg.ﬂmuagclugﬂLmumawagamwaam ATIURANINVLFYIND

3 L]




75

., - . - L4 e Fd . ,
doysgamalunfvaastayauuudn mndeyaieglugluuuddaasiidasrhldmunsaidayauisiin
a T a @ o4 wa o - Y .. A v
niziumMIn e eefiRetalumAienzitoyadefidanviuwilasiaya (Data mining) lddinng
il lunanranodu areiats s ldldnunadumsdsisiusaaeldn i s lulsem
. T c - 4 s wua .
macunsfins e Tiensiwgdnsimaiouivesdison iudu
o P .. ° o o
MIMINYANWANNLS (Association Rules Mining) ilunsviunilosdaysilszinnnils daaziiu
. - . P 4, - X .
mImenusiNLsIasngmainiadan uirhaingfefiisiuismensaivianainduvesiag
iu g luawaa losmswngaruduiusiumusni s ldnamonaoguion 2,7)
P P e A e v dm .
doyanegluladuiuiinainnatsgUuuy igu Tayafidudusy daysfidutaniy doyad
. ., o - ‘ . o
Wudiauaztonnu winmeuniesdaysluursdnye Wiswmamldtudeyanaliznn Sinmmn
v o gl . o a o Y a o e o o o P Wt
nganusunuiiulisusafmngenusunusldnndoyaniidnesuzfidudisuidoiiasldd
A e & aqemam . e oo o A e A L
wiiens daiudeldiiinsdwivsamsteyafidudussdaiionioniinmaudstastagya (Discretization
4 . o o eda, . v A F da F ayea s d e
) wialildnganuaniuindiwuaaasuazlildanuandosiAvdu Ssluwlatulddnuidmfuny
o ¢ a Y P \ : o o e o o o o Cood
ABmautiststayadisnanumeis (3] 1w chiz iiudanaiiusamauisindayafidudisvdaliios

Alinuatniuwinae (8]

& °

NYANUENHUET ldannisring aau W dud d1uauan dldlarwdndulumaiazm
wavinnrmiadssEnimwnesnganuRIWREN lWannmswnganuaNWke thadasnisniaziienng
o o gda . . 4 W ve e a4 -
anuauwus il lominltlunmsdmwe danariafazdianldiadssintmwiudnainnaioviasia
\ . o o g wa = cd a & A a - a
8] 1w frakusun (Support) liwanasanltiaanuivaswgmantiifiedwirdundendioda Taody
4 I ¥ . - 4 ) 4
anuiivesanudniuiiiiaiunielugedoyanu  dmwidodu (Confidence) 1umsgaufvas
cda X L o R e .
wmamsnifiiadu Swibmansoion 9 Afeduiunn dudu [7)
= o a - o, L o o o . & & a o W a °
nnfindninduduaziduldiniudsedayafidudiiaudatasiudauddgiunisi
a . el & | P e A T
wilarfeyslssinnnamingarwsuius lasdnwisendesmsszudgisdoysfidusainude o
ildnesauiunaviuwilostayatlszianadu 9 1w n1sduuntdays (Classification) fiidaynaonaiusa
manndadszinimwldnnamiusigndas (Accuracy) udnisutszasdoyaiidudandaliiasdiniiing
o a “ oooe a4 FN) - - ‘
Hunfiasdoyatszinnniaminganuduiusezlduiasiandrsaanlllunisiadsz@ninwlundaz
danaifivwaimauistidoysfiiudnaudaiias
co Fa e - SN T A
myituifsaulaimaSemdsudssinsnawmaniissdoysfidudaadaibasdmiunis
FaMzAng AMUEIWKE szndinsdanaiiin Chi2 sz saneifiunuy Top-down layazfadszinsawaes
o . a a o . . N
ngANUANWRTLARZN) AA@TIA 4 u1a3I@ T9leun Support, Confidence, Lift waz Coverage

a e

JonuzadnaInsive
no ¢ d s I N I ¢
myaspifdandazaadifafns nmruiitadayafidudaiavdatiioadmiunisinTeing
w g . o o a a @ aa . @ a o | o o °
anuduius langsiumsiadszinsnmsanaifulunsuistrdeyafiduduasoitosdwiumavia
. o o . . . a e .
wilastayadsammaminganuduiutlasldunesia 4 inavialumaiadsininwuasihaaldan

wasinnagUnsususazdanaifiunaimiitdoysfidudyanda o




76

a

ADALWNITIY
ae X - T S PN . o o cd
swlspildunsdnsmanistudayafidudisudeiiasiviimadianzdnganadumus 4
v PR . s A o @ - a 1 2
azuadmuwaimasiiiuausaniiu 4 du fa dnwnsuderastayafidudusudaiias, Anwinm R,
dnwwnasia  (Measure) wazdadszAnmwnisudetisdayafiidndrisadafiasdmiumning
ANUFUNWUT T2nI198anaTAY Chi2 uaz dana3fAunuy Top-down
- o a o o el
1) @nsmudsiistayafiduduaudaiiion

1.1) 8ana3fia Chi2

¥

danaSity chiz Suguunen X Adeuldlununsduaiagniunlslunmauiegg

@

o e g 4 2 o
oyafiiludiaudaiiios [4] Geaunislumam X diasil

Tagnuald

k WA WUV INATE
. ca

A unuINwIK pattern Lo i faz9, j Aaama
L} - P k .

R, unuiwan pattern lang th = 35 As;
. ‘ 2

C unuiwIuaRE laggas jth = » ;) Ag;
0 & >

N UnNuITWIL pattern navaa = 3 o) M

Eijf Llﬂuﬂ']”]uﬁ%?ﬂ _'!.-@j' — Rq’ * C‘J,"J’\r‘r

a v ow e @ o,

lauganeifin chi2 azwuseaniduresdudaoiu dun 1 azdududroszduivdnyiigs fo 05

e o

(siglevel = 0.5) Fwivdoyannainidudiaudiaiias wasmiuarhmaEesdoyanndfiidudey
oA, - T
douiad uarasimasiiiunde
- dwimmdn X auauns
. L oHda e ow 2 45
- g nAdaiiue X A
gau 2 ndulusinUfndosvaddiui 1 (5310 sigleveld 7 larmnaliluaiui 1
WEINIATIIRELAIUFDANA 2R FINGUAUNITTINLARZLEAN T 87 inconsistency rate i fi
o o . Y o aa o =) & & . d vl
matwua siglevel[] dwiumimuuaaritdlusaudald Sanszuaumiiiezngaidoiialudenluue
e o
aniiaa
1.2) danasiiu Top-down
% - ae & = . 9 o
dana3fiuuuy Top-down [5] lwinudsviizuladinulususasdana’fiu CAIM (Class-

. .. ., & e a 5 N a -
Attribute Interdependence Maximization) @sdanaifiniiduiuy Supervised lasgauszssduasdanaifiv




77

>l

a oo = ol o o aa & PRI ' I Co P
CAIM f@ ﬂ'm'ﬁl,w&JﬂWTWJWWE]”]ﬂUﬂM’IJE]Jﬂﬁ'lﬂhli’](ﬂ‘ﬂiu'JWLI.E!:NTN‘H?\!W“L@ﬂﬂﬂﬂ'\ihmd“ﬁ'}dlﬁuﬂﬂﬂiﬁﬂ

o

FUMTIWA TR CAIM dash

CAIM(C,D|F)=

n
Taofmmnuald
o) UNUAIE
D Lmuﬂ'ml.ﬂ\i'ﬂu'ﬂ'ag“m
F wnuiaaniiag
n Lmuiﬁmu‘zﬁaﬁay‘a
A =) .
max, Lmummmﬂ‘ﬂqalum G
o < Y = a ] am
M, unuitwuniswuesastayaniludiiand oilesnnioanidod

ATEUIUNNIFLAsEAN a3 CAIM asutsaantilu 2 drusiil
it 1
11 mmﬁmﬁﬁqm( dy) Lm:ﬁauﬁq@ (dy) lmi'aﬂsﬁl,ﬂuﬁammm‘al,ﬁm
12 ﬂ“wvwu@gﬂu.uwummﬁmﬂmﬁmnﬁagﬂﬁﬂuﬁqm’uwﬁmﬁaﬂﬂn

o %

Busdauuazimuavauravadtrnswuanduwldldunudas B aw
g ) 4 & R
ffidgauazdfinngauazaaianaarruaramnefiagdanuluge

1.3 ﬁﬂvmml.uunﬁu.ﬂa'ﬁa’ﬂ"@ﬁa D:{[ dod,]} 48z GlobalCAIM=0

2.1 Mvue k=1
22 aassinvauwanialufilyldaglu D uaz B ufdmandrfizaandas

U CAIM

=

2.3 nasnnduaouriowniiia CAIM fanniiga
24 if (CAIM > GlobalCAIM or k<8) u&113l1/39 D fiansdilaiuan 2.3
uazT UG GlobalCAIM=CAIM ﬁw"Lm’dﬁfuﬁwqm

25 fnua k=k+1 usnaullf 2.2

2) fasmmR

a o ., { ot o P {a
A1 R unsndawai s (Function language) Nilansmeagunisn S Gaduntuifouls
. ‘ 4 e . , "
fuagnauwinany ilasnniu Open source munsniudhgedoyaldnainnatogluuy 15y text file wia

Database Lm:mmmmewaaaﬂm’lugﬂLLuummnﬁWﬂn WUNERTUM I UN e uRAE e

@l

A s ¥ 5o s o 0 9w o & o @ = 2
Wadannaw R Lﬂuﬂ'\ﬂ'\h'ﬂx‘iW\lﬂ'ﬁuLLﬂ:L'ﬂd?@Q m'l.wawa:l'ﬁmm R nudadldiamluns@nsinazin




78

. A caq e a a4 fe X s ‘
anudilinm R (1] lumesn R dwsdulugmosmaiuniosdays Sdunuidsizdnmlusiusas
' o o a o o 9 - Y “ o & - o a
mautstsdoyaidudrimdmiunsdundasdoyadszinnmamnganuduwis lageziimadonld
fssdan 9 a9k
- new.dataset<-chi2(iris,0.5,0.05)$ Disc.data Lﬂuﬁﬁﬁ'alumﬂmrﬁwﬁagaﬁgﬂmﬁmm
douhaslaulgoanaifin Chi2
- new.dataset<-disc. Topdown(iris, method=1)$Disc.data Li‘juﬁ’lt‘%ﬂummﬂd'ﬁ’uﬁagaﬁ
Wuaavdaiiaslaslddanesfinuuy Top-down
- rules <- apriori(tr, parameter= list(supp=0.3, conf=0.5)) Lﬂuﬁ’]ﬁ”ﬂumm’mg
ANUANHUT (Association Rules Mining) @18 8anasfis Apriori

- interestMeasure(rules, c('support", "confidence", "lift", "coverage"), tr) udraaluns

= v o o a A o e &l v
Liﬂﬂ1’ﬂlﬂ@iﬁl@1@7\‘] 9 1Hﬂ']‘§'f]ﬂﬂizﬂﬂﬁ.ﬂ']‘w‘ﬂﬂdﬂﬂﬂ'}’]&lﬂﬁ\lw‘Hﬁw‘lﬂi]']ﬂﬂ']?vﬂﬂ.g

[ e

AUAUWIS

3) ANwINNATIA (Measure)
3.1) Support
o dqye J d4a X P « o
nariafldiaanuivenngnisafiiiaduitdvindesidissla lasduaawi
e e X I Ar “ . o
anusuusfifaduniolusatayaii Gund daduayu (Support) lasiisunislundwamdsil

Support(A - B) =P(AAB)

3.2) Confidence

. A . 4 e oA A o e A
MANULTaYNYL (Confidence) Lflumigmwmmmqmsmwmmm E'J&Jﬂi_ll,“@;ﬂ'ﬁmﬂl,ﬂ(ﬂ

a o

a & o . { A . . | = El o .
BU f NINAVUIINNY LTH Lﬁﬂmﬂt‘ﬂ@;ﬂ?‘a‘[ﬁ A LI.E‘{"HJE][JLl.ﬂvLﬂuﬁilZLﬂ@]m@;ﬂ’]i[li B DI8UNID A WITRA

anudeiuldnneaaua

. mwiivas A wsz B
Confidence (A - B) = ——————
anufivas A

3.3) Lift

vt azdwinasianliiadssinsnwnganudunud  lonaziaininananyg

v oo ogda X o o o .
mwwuwuﬁ‘ﬁ'mﬂmu luﬂﬁmmmmm Lift M'Irlﬂrm'ﬁﬂ'lﬂ']‘lﬁﬁnﬂ 2ATNFINVDY

anudesiuwies A = B

Lift (A= B) = -

anunvas B

L & - - 4

¢ Lit Aldaonuminazaansnvenanuduldld dufamanisal A udrenfiamgniant B Sanames
. Mo e Al & a o e edn o E o .

wamanlzdudaniu lasldd Lit Aldaanuniuunnmansfianganaduiui ldiudanuddgann

wafazi lWltlunsiwe




79

4) dadezAnSmwnirudetedayafidudasudofiasdwiunaningausunus  szwing
ganas#a Chi2 uaz sanaSAuuwuy Top-down
e dm e 4 amewua 4w am ©  aa

nsudsteyaiduduadafios fraldifonlsdanaifiu chiz uax danaifluuuy Top-down

o @ =) o oo o o P o o .
lunsudstrsdayafiduduasdaifias udrddayafiutstsdoyaud lddunszuounmaning

v oooed s ) ) ) N p

ANUTUNUD mmﬂmayﬂ Iris 990 UCI Machine Learning Repository Taakd UL 150 L7AR23IA 21N

1Al 1 1idudredhadoys Iis 1w 5 Linaaia Tagazlduarialunyiadeaninnmmue 4 anas

o

70 'léuri Support, Confidence, Lift Waz Coverage lwiuidnit

a9t 1 drodhetoyn Iris

Sepal.Length | Sepal. Width | Petal Length | Petal. Width Species
51 35 1.4 0.2 setosa
4.9 3.0 1.4 0.2 setosa
7.0 3.2 4.7 1.4 versicolor
6.4 3.2 4.5 1.5 versicolor
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if Sepal Length>=3 5&&Sepal Length<4.5 then Sepal Length=SL2 | if Sepal Length>=555&&Sepal.Length<6.25 then Sepal Length=SL2
if Sepal Length==4.5&&Sepal.Length<6.5 then Sepal.Length=SL3 | if Sepal.Length==6.25&&Sepal.Length<7.90 then Sepal Length=SL3

if Sepal.Length>=6.5 then Sepal.Length=SL4 if Sepal Width>=2.00&&Sepal Width<2.95 then Sepal Length=8W1
if Sepal Width<3.5 then Sepal.Length=SW1 if Sepal Width>=2.95&&Sepal Width<3.05 then Sepal Length=SW2
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Rules Support | Confidence | Lift | Coverage
{Petal.Length=PL2} => {Petal Width=PW2} 0.3 1 2.77 0.3
{Petal.Width=PW2} => {Petal Length=PL2} 0.3 0.83 277 0.36
{Petal . Width=PW3} => {Species=virginica} 0.3 0.97 293 0.30
{Species=virginica} => {Petal Width=PW3} 0.3 0.9 293 0.33
{Petal.Length=PL1} => {Petal Width=PW1} 0.33 1 3 0.33

= ] e o gl v o = o - SV o .
INMNANTNN 2 Lﬂu(ﬂ]E]?JTGT]Q@?TNﬂM‘Wuﬁﬁ’l‘l@]ﬂ?ﬂﬂ’]iul}ﬂ’ﬁ?ﬁ"ﬂE]}dﬂ‘ﬂkﬂ%(ﬂ?]kﬁ'ﬂ@ﬁ]Luﬂd@ﬂﬂﬂﬁﬂﬂiw&l Chi2

4 o o a a . o o
TIWTNIEAS 5 NJ) LLE}ZIJEZHEJUVLIJ@‘]‘EEINWWEE@]UEZNWKTDTW'MNLLWﬂZﬂgﬂTmEHJ‘W‘HI;

- o . o gell e "o @ = o ] Y o o
@A1319N 3 ﬁllE]F.I']Jﬂgﬂ'?ﬂ&lNNW%TD"‘HVL@WTﬂﬂ”]ihmd’ﬂlﬂ'ﬂi]ﬂﬂ“ﬂlﬂu@ﬂLﬂ'ﬂﬁlmuﬂd@'}ﬂﬂﬂﬂﬂi‘ﬂm Top-down

Rules Support | Confidence | Lift | Coverage
{Petal Width=PW3} => {Species=virginica} 0.30 1 3 0.30
{Species=virginica} => {Petal Width=PW3} 0.30 0.9 3 0.33
{Petal Width=PW3} => {Petal Length=PL3} 0.30 1 277 0.30
{Petal.Length=PL3} => {Petal Width=PW3} 0.30 0.83 277 0.36
{Petal.Length=PL2} => {Species=versicolor} 0.30 0.97 293 0.31

= o . e e gl a o 4 = o oA Y o o
AIMNANTHN 3 Lﬂu@ﬂE]F_I'Wﬂgﬂ'?ﬂNNNWHﬁWvL@H]'mﬂ’liLl,Uﬂ’ﬂ'N’Uﬂﬂﬂ“ﬂtﬁuﬂltﬂ'}l@lﬂLuﬂd@'}!ﬂﬂﬂﬂﬂiww Top-

4 . o > a a . o o
down TIUIULEAS S5 NJ i?MﬂUNW@‘S’J@ﬂEZHWﬁﬂ’]W’UﬂGLL@R:NQ@?TN AuWus

A
Han1398

as A e, = Pl a = G el o o . ow o Pl
G']M']EJ[IMVL@]"H']HTTHWEiE]\'MJ?UUmUUﬂ?:ﬂﬂﬁﬂWWﬂ'ﬁLLUJ”ﬂﬁﬂﬂlﬂﬁﬂﬂkﬂu@?Lﬁ’uﬁ'ﬁﬂiuﬂﬁi‘ﬂ%‘ﬁ&lﬂd

@

e a . L% o 4 o o E
’lJE]HH‘IJEZLﬂﬂﬂﬁiﬁﬁﬂgﬂl?wﬂﬂwuﬁsﬁlUﬂ’]i‘zﬂ R i:ﬁ”ﬂdﬁ]ﬂﬂﬂiﬁ&l Chi2 uaz E]Elﬂi]iﬁ&lu.‘]_lﬂ Top-down B4

o W o s & o = = a = s s
il;'bﬂﬂﬂﬂ']”]&lﬂ&lw%ﬂ@]ﬂﬂﬂ&ﬂ%%ﬂ"\"ﬂ?ﬂ"\ﬂﬂiﬂﬂL"I’Ii_lllﬂi?y'ﬂ"ﬂﬁﬂ"\w %’]ﬂﬂ'ﬁﬂ‘ﬂﬁ@di}ﬁ‘ﬁui@'}”}ﬂﬁ Support

i Coverage fanlullufievmadios wazen Confidence fiu Lift Aifienllufieniafioaiiu doiugdidoSauen

mal5eufnulszAnBawaanidu 2 nawu fa Support Nl Coverage Waz Confidence AL Lift
) pp g

A15191 4 A17euAAIHANTTILS BB U Support URz Coverage 09N MINENHKT 10 nguIn

Support Coverage
Rules Chi2 | Top-down | Chi2 | Top-down
{Species=setosa} => {Petal .Length=PL1} 0.33 0.33 0.33 0.33
{Species=setosa} => {Petal Width=PW1} 0.33 0.33 0.33 0.33
{Petal. Width=PW2} => {Species=versicolor} 0.32 0.33 0.36 0.36




{Species=versicolor} => {Petal Width=PW2} 0.32 0.33 0.33 0.33
{Petal Width=PW1} => {Sepal.Length=SL1} 0.3 0.31 033 0.33
{Petal Length=PL1,Petal Width=PW1} => {Sepal Length=SL1} | 0.3 0.31 0.33 0.33
{Petal Length=PL1 Species=setosa} => {Sepal.Length=SL1} 0.3 0.31 033 0.33
{Petal Length=PL1} => {Sepal Length=SL1} 0.3 0.31 0.33 0.33
{Petal Length=PL2} => {Petal. Width=PW2} 0.3 0.30 0.3 0.30
{Petal Width=PW1,Species=setosa} => {Sepal.Length=SL1} 0.3 0.31 0.33 0.33
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Confidence Lift
Rules Chi2 | Top-down | Chi2 | Top-down

{Species=setosa} => {Petal.Length=PL1} 1 1 3 3

{Species=setosa} => {Petal Width=PW1} 1 1 3 3

{Petal.Width=PW2} => {Species=versicolor} 0.90 0.90 2.7 2.72
{Species=versicolor} => {Petal Width=PW2} 0.98 1 2.7 272
{Petal.Width=PW1} => {Sepal Length=SL1} 0.9 0.94 259 2.38
{Petal.Length=PL1,Petal. Width=PW1} => {Sepal.Length=SL1} 0.9 0.94 259 2.38
{Petal.Length=PL1,Species=setosa} => {Sepal.Length=SL1} 09 0.94 259 2.38
{Petal.Length=PL1} => {Sepal.Length=SL1} 09 0.94 259 2.38
{Petal.Length=PL2} => {Petal Width=PW2} 1 1 277 2.72
{Petal.Width=PW1,Species=setosa} => {Sepal.Length=SL1} 09 0.94 259 2.38
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Discretization and Imputation Techniques for
Quantitative Data Mining

Nuntawut Kaoungku*, Phatcharawan Chinthaisong, Kittisak Kerdprasop, and Nittaya Kerdprasop

Abstract—Association rule mining from numeric datasets are
known inefficient because number of discovered rules is
superfluous and sometimes inapplicable. In this paper, we
propose the discretization technique based on the Chi2
algorithm to categorize numeric values. We also handle missing
values in the dataset with statistical methods. The discovered
association rules are then evaluated with the four measurement
metrics, that is, confidence, support, lift, and coverage. The
dataset imputes with various missing value handling techniques
has also been evaluated with data classification method to
compare predictive accuracy.

Index Terms—Association rule analysis, Data mining,
Discretization, Missing value imputation

I. INTRODUCTION

Currem adoption of data mining technology can be seen
in various fields such as economics, education, and
medical. The model learning from datasets can facilitate
future event prediction and explain current relations. Model
built from datasets of data missing can cause errors in the
prediction. Efficiency predictive model building requires the
imputation of missing data.

Association rule mining is a type of data mining that will
find the association of the objects and create a rule to predict
the occurrence of the object in the future.

The decision tree is data mining classification. The rules
or terms of learning from datasets with the data type
specified already exist. The modeling helps to decide
classification data that will occur in the future.

The discretization methods for numeric attributes and
missing value imputation are important to the task of data
mining for association rules. The association rule mining
will use the gauge that differs from the efficiency
measurement in each of the algorithms of discretization
methods for numeric attributes.
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This research solves the problem by preparing dataset
appropriately before association and classification of
discretization methods for numeric in association rule and
predicts of data missing that is closest to the most possible
value.

II. PRELIMINARIES AND RELATED WORK

Data can be variety of formats. For example, numeric
data, nominal data, and a mixed type of numeric and
nominal data. But data mining in some categories is not
possible. For instance, to find the association rules from
dataset with numeric attributes is impossible for some
algorithms. Therefore, methods for managing numeric
attribute data is essential. The called a classified data
(Discretization) to obtain the association rules to amount of
reduction, and increased accuracy. Current research is on
how to divide the discretization in a variety of ways. [3] For
example, Chi 2 algorithm of discretization methods for
numeric attributes that is widely used. [7] The discretization
methods for numeric attributes in association rule analysis
with R language [3]. The algorithms used to discretization
are, The Chi2 algorithm formed by X they are often used in
statistics and discretization methods for numeric attributes.

The predictive value of the data missing is another
important problem. We comparatively study the value of
data missing technique, lost out in praise. The average value
in that column if data missing is disrupted data or skew data.
We are used median value. If the data in column aren’t
numeric. We used value that appears most often in the
column. And how to use the value of the association between
a column that has a data missing value with another column
that is associated with the most. Other research also has
using Rough Set theory: [5] Include: is used to determine the
association between each column is set to create a rule that
allows predicting. Datasets were used in this study was a
series of patients that most data is dispersed across numeric
data. With the numerical data will be grouped into ranges
(Discretized) are so easy to do the research to find the value
of the data missing. And Jianhua’s research [1] propose a
technique to fill up the missing data by using Rough Sets
theoretical and add a technique to compare the 3 methods:
how to cut data rows that contain data values that are
missing out, and data mining. How to select values that are
come to missing data from data that contains values that
appear most frequently in the column, and how to convert
the entire datasets as a Discernibility matrix and create a rule
for predicting the missing value. By using a series of six sets
of data to compare efficiency, how to find the value of the
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data that is missing all three methods and data sets through
the technique of value for the information that is missing,
and the range, and then create a decision tree to test the data
prepared for the test of efficiency technique to predict the
best. The rules for an association with the four
measurements the effectiveness and value of the gauge is a
summary of each of the algorithm for discretization methods
for numeric attributes.

III. METHODOLOGY

A Framework

This research proposed discretization and imputation
techniques for quantitative data mining. Figure | shows
conceptual framework of the research. First, the missing
value imputation has been applied. Second, the
discretization has been performed on numeric attributes.
Third, apply the association rule mining. Finally, the
benchmarks on association rule mining result are to be
evaluated.

| Missing value imputation ‘

|

| Discretization ‘

|

| Association rule mining ‘

I

| Benchmarks ‘

Fig. 1 Conceptual framework of the research

B. Predict the missing value
Techniques to handle missing values in our study are as
follows:

1) Remove record that some values are missing.

2) Impute missing values with the average value of the
attribute, if the data is normally distributed.

3) Use the correlation of column with missing values to
another column, and impute with that column’s value.

C. Algorithm Chi2

Chi2 algorithm that is based on the x statistics was used
to perform discretization the numerical data [4]. The
computation for x2 is as follows.

(4,-£,V/E, O

1

Yoy

2k
i=l j=

where:
k = number of classes,
Ay = number of patterns in the ith interval, jth class,
Eij = expected frequency of 4, = R *C, /N

R; = number of patterns in the ith interval = z ¢ Ay
j=1"
C; = number of patterns in the ith class = E il A,

N = total number of patterns = Zil R,

The Chi2 algorithm is divided into two parts. The first part
starts with a high level of significance, that is 0.5 (sigLevel =
0.5), for all numerical data. After that, it will sort all the
numbers continuously.

Part 2 will be on the sideline of the first start of sigLevel0
as set forth in Part 1, then the consistency check after
performing an individual attribute the inconsistency rate
cannot exceed the assigned sigLevel [i] for inclusion
attributes in the next round. This process stops when there is
no value left in the attribute.

D. Benchmarks
The benchmarks in this study are the four measurements:
support, confidence, lift, and coverage.
1) Support is the frequency of the event occurring,
Compute support of equation (2).

Support(A — By = P(A A B) (2)

2) Confidence is the frequency of the incident with other
events occurring together, Compute confidence of
equation (3).

Confidence (A — B) = Supp(A — B)/ Supp(A) (3)

3) Lift is the influence of the association rule mining,
Compute lift of equation (4).

Lifi(A — B) = Conf (A — B)/ Supp(A) (4)

4) Coverage is considered the frequency of the association
rules mining, Compute coverage of equation (5).

Coverage A — B) = Supp(A) = P(A) (5)

IV. EXPERIMENTAL RESULTS

This research experimentation used Hepatitis dataset from
the UCI Machine Learning Repository [7]. Hepatitis dataset
has 20 attributes and 103 data instances.

For discretization and imputation techniques for
quantitative data mining, we used classification and
association mining for experimental result assessment. Table
I and Fig.2 show comparative accuracy of classification
both algorithm missing value and missing value +
discretization of three models. Model 1 is removing records
that contain missing values. Model 2 is missing value
imputation with the attribute mean. Model 3 is missing value
imputation with correlated value.




TABLE 1

COMPARATIVE RESULTS OF CLASSIFICATION ACCURACY 64%
Algorithm Model 1 Model 2 Model 3
Missing value 65.95% 74.46% 80.85% 63%

Missing value | g5 130, | g936%, | $7.23% £ A T Theawenase
Discretize Z262% @ of support
[
% / The average
100% 61% & of coverage
& 90% 60%
< b T T \
%\ 20% =4 Missing value Model 1 Model2 Model 3
= . -
E 70% Missing value Elg}.l4hC0mpardat;ve the average of support and coverage
+ Discretize oth three models
60% T

.
Model 1 Model 2 Model 3
V. CONCLUSION

This research aims to study discretization and imputation
techniques for quantitative data mining. The results show
that the best model of classification is model 2 that used
missing value imputation with the average value if the data is
normally distributed and used chi2 for discretization. The
results also show that the best model of association rule
mining is model 2. Therefore, it can be concluded that the
model 2 that imputes missing values by attributes means

Fig. 2 Accuracy comparison for both algorithms: missing
value and missing value + discretization

Table 2 show comparative results of association rule
mining using the average of support, confidence, lift, and
coverage values to measure performance.

TABLE 2

COMPARATIVE RESULTS OF ASSOCIATION RULE MINING gives the best result.
Models The The average The The
average of of average of | average of
support confidence lift coverage
Model 1 60.99% 97.66% 103.63% 62.65% REFERENCES
Model 2 62.56% 98.37% 102.94% 63.78% [1] Jianhua Dai, Qing Xu, Wentao Wang (2011), “A Comparative Study
Model 3 62.02% 98.33% 103.07% 63.27% on Strategies of Rule Induction for Incomplete Data Based on Rough

Set Approach,” Jnternational Journal, vol 3, no. 3

. g 2] Kittisak Kerdprasop (2012). “Data Mining Methodolo, and
Fig. 3 compares the average of confidence and lift for 2l prasap (2012) ¢ &

- Development,” Retrieved November 1, 2012, from
three models. It can be seen from the result that model 3 is hitps:/sites.google.com/site/kittisakthailand55/home/datamining2-55
the highest compared to the other models. [3] Huan Liu, Farhad Hussain, Chew Lim Tan, and Manoranjan Dash

(2002). “Discretization: An Enabling Technique,” Data Mining and
Knowledge Discovery, vol.6, no.4, pp. 393-423
Huan Liu and Rudy Setiono (1995). “Chi2: Feature Selection and

Fig. 4 compares the average of support and coverage
values for three models. It can be seen from the result that 4]

model 2 is the highest compared to the other models. Discretization of Numeric Attributes,” Proceedings of the Seventh
International Conference on Tools with Artificial Intelligence, pp.
372-390
[5] Fulufhelo V. Nelwamondo and Tshilidzi Marwala. (2007). “Rough
104% Sets Computations to Impute Missing Data,” CoRRabs/0704.3635
= [6] UC Irvine Machine Learning Repository, (1988) Hepatitis Data Set.
» 102% Retrieved October 5, 2012 from
é‘ —4—The average http:#/archive.ics.uci.eduw/ml/datasets/Hepatitis
< 100% of confidence [7] M.J. Zaki (2002). “Scalable Algorithms for Association Mining,”
= IEEE Transaction on Knowledge and ~ Data Engineering, vol.12,
98% __?_b_ o |Epreaes no.3, pp. 372-390
of lift
96%

T T .
Model 1 Model 2 Model 3 APPENDIX

Source code in R language to perform missing value
imputation and discretization.

Fig. 3 Comparative the average of confidence and lift both

three models # Missing value imputation

hepatitis<-read.csv("hepatitis.csv", fill = TRUE)
hepatitis <- hepatitis [-c(62,199), ]
predict]<- function(dataM) {
cutMissing <-na.omit(dataM)
return(cutMissing)

i




predict2<- function(dataM,colM,more=F){
if (more) {
dataM[is.na(dataM[[colM]]),colM J<-
mean(dataM[[colM]],na.rm=T)
yelsed
dataM [is.na(dataM[[colM]]),colM]<-
median(dataM[[colM]],na.rm=T)

return(dataM)

¥

lookCor<- function(crn){
gg<-(cor(crn,use='complete.obs') )

gp<-symnum(gg)
return(gp)

}

creXY<- function(colM,dataM,NN) {
mM<-Im(colM,data=dataM)$coefficients[NN]
mN<-mM[1][[1]]
return(mN)

inputf<- function(oP){
if ( is.na(oP) ) return(NA)
else return ( (oP+(-mY))/mX )
b
cor.input<- function(colA,colB,dataM) {
dataM[ is.na ( dataM[[colA]] ),colA | <-
sapply ( dataM[ is.na (dataM[[colA]]),colB],inputf)
return(dataM)

1

dataset] <-predict](hepatitis)
dataset2<-predict2(hepatitis,"Chla",T)
dataset2<-predict2(dataset2,"CI",T)
dataset2<-predict2(dataset2,"PO4"F)

mX<-creXY(oPO4~PO4,hepatitis,2)
mY <-creXY(oPO4~PO4,hepatitis,1)
dataset3<-predict3("PO4","oPO4" hepatitis)
dataset3<-predict3("Chla","oPO4" dataset3)

library(rpart)

rtal<-rpart(al~.,data=datasetl[,1:12])
plot(rt.al ,uniform=T,branch=1, margin=0.1, cex=0.9)
text(rt.al ,cex=0.75)

rta2<-rpart(al~.,data=dataset2[,1:12])
plot(rt.a2,uniform=T,branch=1, margin=0.1, cex=0.9)
text(rt.a2,cex=0.75)

rt.a3<-rpart(al~.,data=dataset3[,1:12])
plot(rt.a3,uniform=T,branch=1, margin=0.1, cex=0.9)
text(rt.a3,cex=0.75)

testPred <- predict(rt.al, newdata = test.hepatitis)
print(testPred)
table(testPred, test.hepatitis$al)

#Discretization

hepatitisM<-read.csv("hepatitis.csv", fill = TRUE)
new.dataset<-chi2(hepatitisM,0.5,0.05)$Disc.data

#Association rules mining

rules <- apriori(new.dataset, parameter=_list(supp=0.5,

conf=(.8))

# Benchmarks

quality(rules) <- cbind(quality(rules), coverage
interestMeasure(rules, method = "coverage", tr))
WRITE(rules, file = "data_disc.csv", quote=TRUE, sep

"o

,", col.names = NA)
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