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Thesis Title Efficiency Discretization Algorithm for Data Mining
Author Abdulloh Baka
Major Program Computer Science
Academic Year 2013
ABSTRACT

Discretization algorithm has an important role for data mining preprocessing.
Discretization algorithm will help user to easily understand the data, reduce the complexity of
data, reduce processing time, increase efficiency and accuracy of the data set. This paper
proposed the new discretization algorithm called Class Attribute Interval Average (CAIA). The
algorithm applied 2D quanta matrix table and calculated each individual interval’s average to
merge the adjacent intervals. The stopping criteria was the number of classes. The experiment
used data from four UCI data sets (Iris, Breast Cancer, Heart Diseases and Glass). The
experimental results from the comparison with the other six discretization algorithms (EW, EF,
ChiMerge, IEM, CAIM and CACC) showed that the proposed CAIA had the best mean rank for
both the number of intervals and the accuracy from all four classification algorithms (J48, RBF,

MLP and NB).
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aunsi (2.4) 15y ﬂ;@ﬁi’l’auamﬂﬁ 1mumamwam 150 umﬁuam doamsueanidlu 10

U Q

Y
v o

v 9 < Yo Y
JUaya @Quuﬂgﬂgulﬂﬂ’IUFJUﬂ')']iJﬂeU@QGUfHJ“aGluLLﬁagﬂ\iﬂ@ 15

U

Y ' Y 09/’
v ' . AITUNINUDITNUBYANINUA (2.3)
AINMUNINUDIUUAASYIN — - -
VIUIUDNVDYA
o 9 05/'
s v D VIHIUVBYANINUA 2.4
NUIUUBYALAATIN — - -
VTIUIUDNVDYA

Y

I A Y] o 1
2) 10U In51/¥eya (Information Entropy) tuain 14 iaseannaimla

£

Y =

Huszbsuvesdeyanimndeniissla Sideyaianulidusatongs AnewTnsilfzsa

Sidoyaiianumiuszdovqs AnenInsilizd dredramsutagrsdoyaiildanen
Tnsi4oya 19U MDLP (Fayyad and Irani, 1993) ttag ID3 (Quinlan, 1993) Tﬂﬂi%’ﬁuauimﬂ
Foyaiicriiga Feyatinnuiuszdevunn) iemgadalumsutuendoyaiiafiaa e

U q

mﬂmﬂ%’@gammmﬁmm”lﬂmﬂﬁumﬁ‘ﬂ (2.5)

HOD = = ) p()logop(y) 25)

yEY

fvuald HY) Ao AveuInstluesy

A ' 1< J
p(y)  feoanuunziuvesmy
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[ an .. I an 1 [ 9 - Yo a
3) nAnaAAA (Statistical) T UITMIULIFIFoyan a5 VAW BY
pg191n luilegiu Tagerdenanmsmsmamuanasielumssimuagadanldlunsus

F1990ya vionmuagalunisnasusiuiuvesrdoyanegannu 15U 35015909

.

ChiMerge 321M3A1UIUNIA1 Chi-square VI ToYyaNogannuanaunIsh (2.6) 1d2
o [ 9 d‘ 1a [ d‘d 1 . 9 d' U o 4'
RININa0NITINVOITIF Yoy afiogaanuNlia1 Chi-square oslganou 11111500

IUATEN4AT  Chi-square N1 1@921AUNIA Threshold NvUA (Kerber, 1992)

iz“: (Aj — 1])2 (2.6)

i=1 j=1
o 9 A o ' 9y QY 2 =
dmuald m Ao SduvessUeyan ld/Teumeu
=~ [ 1
k Ao Swauvesnguithuine
A o v ' ' Y A . 1 .
Ay Ao Swnumedilugndeyad i nazTunguihmineves j
. ' R, x C; X
Ej AofAnwdved Ay = — iile
N
A [ g 1 ] 9 A . A 1o k
Ri  fe Swduvesdedluiaveyai i vy TX, A;
¢ Ao Smanvesdednlunguiihvinedn j ividy X0, A;;
N A9 WasINUDIAI0819 MY KL G

9

dmsudled1vetluasuIT v msulredoyalaeldudanniinig

aa . . I Y & A = o 1 dy

a9 191 ChiMerge Chi2 1oz CAIM 1udu Faliseazidoanene 11il

° o aa . £ g
- Kerber (1992) U U UDUYUNDUITUDI ChiMerge %11 U
. . . . I ax Aq Y Aaa 2 1 o [} 9 A
Supervised Discretization 1143513 ¥ m1aada x2 waelunismisiiugisdoyana
{ 1 [ J I J a 1

ngalumsuterisdoya nazldar x2-Threshold 1 umnmat lumsinsadngiinsvaon

1ragaA

[l Y A 1a o A o & 9 o v . . 1 A
sIFIToyaiogann Ui I ’J‘ﬁuwhmdummmwumzﬂum Significance Level NoUN
2 9 9
%ﬁmmmmq%’@y‘a FrSuTUAPUITV04 ChiMerge 32U 52NOUAIY 2 TUADUAIL
A v v ~ o v 9 Y o
1) ITUAUAIYNTITHIAAVUDYA LAINHUAYDULUA
] ] [ ] I 1 [ [ 1
m@q%’agmmazmq%’aga Tﬂﬂmammmml,mazﬁmq%’ayja%mﬂumﬂmqszmwm%yjaﬂﬂu
"9 @ 9 1 v Aa ~ o @ Y
HAZAUBYANAIVDIVOYALAASAINUNTITBIAA LAY
Y
2) ﬁuﬁaumwaamwﬁumaww%m (Interval

. = [ I = 3 [ 3 [ dy
Merging) ﬂznamaﬂymmﬂu Bottom-up Tasldunoudos 2 TUADUANH
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- AUIUAT X2 A9FUNITN (2.6) VOILARY

[
= Y [

Frdoyanogiuaanu

- himsrasNsWAUUeIEITyaNogannY
Yy A

i 2 Mleeigaliisosn aunsznanguesyadoyalinl x2 w1nna1 x2-Threshold

L)

=D.

A o YR [
nmhmua 139zrHgansaous
. . o 3 an . £ g
-Liug 482 Setiono (1995) HUAUBUUADUIT Chi2 CRINAN
Supervised Discretization N WM U1ADI1N ChiMerge 1a8 Chi2 #1N150N9241A1 X
{ Y va 4 3 A o 3 '
Threshold Mrizen @ TagdaTulid o ndunouIFues ChiMerge {143 uTudosszya
2 A I o a 1 =\ @ [] 9 ~ a [
X2-Threshold 1ol unain lumsNaIsaI19 UM AT WA YRR IIToYaNogaAN Y
' 1 IS : { ' { [V 3
ael18nn5eld SuiluiFesenngldazamnsoszyar x3-Threshold Mnmzan'la daiin
. =2 Yo Y . [~ L % 1
chi2 unilyn1laely Inconsistency Rate W UAVUNTUMITHIAMIHABNTINAUVDIAI

4
doya uadoiiaves Chi2 ABNMIMUINITFUFOUNIT ChiMerge F1MTVTUADUIT TUNS

Y
uierdeyaves Chi2 wlszneudie 2 Tuasuainnilszney 2.2 uag 2.3

Phase 1:
Set siglevel = 0.5;
Do while (InConsistency(data) < § ) {
for each numeric attribute {
Sort(attribute, data);
Chi-sg-initialization(attribute,data)
do {
chi-sg-calculation(attribute,data)
} while (Merge(data))
H
siglevel0 = sigLevel;

sigLevel = decreSigLevel(sigLevel);

4 k4 H
amilsznou 2.2 Tuasuisvesnmsutsredoyalaely chi2 Tuduaoud 1

(Liug tta1g Setiono, 1995)
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Phase 2:
Set all sigLvl[i] = sigLevelO for attribute I;
Do until no-attribute-can-be-merge {

For each attribute I that can be merged {
Sort(attribute, data);
chi-sqg-initialization(attribute,data);
do {

chi-sq-calculation(attribute, data)
} while (Merge(data))
If (InConsistency(data) < § )

sigLvI[i] = decreSigLevel(sigLvl[i]);
else

attribute I cannot be merged;

qg/l ad 1 1 Y 9 . qgj A
Mlsenau 2.3 TuaenITyean1suaraveyalagly chi2 luduaoun 2

(Liug 101 Setiono, 1995)

k42
- Kurgan tta¢ Cios (2004) UNATUDTUADUITVDI CAIM
. A sq ¥ . o = 4
Discretization “]NiJﬂ”l'i‘lJ'i%E;ﬂﬁGleniN 2D Quanta Matrix UEFANAINTIT NN 2.1 FUYUA1519
o = @ Aaad @ A @ ~ I~ 1 [ ]
ﬂ1ﬁuﬂﬂ31uﬂ°’l}@\1¢l’JLL‘iJiﬁ@\‘HJ@]‘ﬂ?J {51’JL!‘]J?LL?ﬂﬂﬂﬂﬁ"lﬁllﬁ%@]’Jllﬂiﬂﬁﬂﬂlﬂuﬂ"lﬂﬁlmﬂclf’lﬂ

Joyavosnuantme F
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A1519% 2.1 2D Quanta Matrix for Attribute F and Discretization Scheme D

Int |
Class nterva Class Total
[dO,dl] .. (dr—l,dr] ce (dn—l,dn]

Cq d11 dir qQ1n M,

G di1 dir din M,

Cs qsl qsr qsn Ms+

Interval Total M., e M, e My, M
° ] A o "y A A
Mruali qir A0 WAIINVBIFIBENTOYaNuveIAAI C; NBY

Tugrsdoyaves (d_;,d,]
M;, ﬁawai:}mjmﬁm’mﬁaa&in%’ayaﬁeéiuﬂmﬁ of
M,, ﬁewaiamma‘hmuﬁméwﬁaéiwﬁ’m (dy—q,d,]
VOINUANYUY F

4
S DUIUUDIAATNINUA

A
f
A
fl

n GERTRITEGRE S RULIV

Tag i=1,2....s wazr=1,2....n
v ]

Y] ax ] ] 9 v A I 9/091‘
TUADUIBMILUITIToYa CAIM sznaaeunng yaaaiilulllanimue

I

Y A

, < Y o A o A v
nazlundazsevvesnisnageunvzailgada liizes aziimsugaiiodiauton Tyl
Wga uaazyaaa luuaazsoudsafuIn ldanaunmsi 2.7) Tagazi@onal CAIM iga

A 3| @
ngalugada

n_ 2.7)
CAIM(C,D[F) = —tr

@]

o Y A
fviva fio Aana
A % ] 9 [
D A dwsuUeya vouaANYUE F
Y
n o fe UIVBIFNToYANINUA
r o fe SwIusUVRITIToYA

A 1 o oA
max;, f19 ﬂ'lij\“lf!ﬂiﬂﬂ@ﬁuuﬂ r
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o o 09/’ ax 9Jq ¥ 1o o3 9 =\ a o 1
AHIVVUADUITUDI CAIM I%ﬂ%”lumtﬂumwﬂﬁ’izumﬁmmaﬂummm
Y 9 1
Fetoya Uszneudie 2 Yuaou Junouil 1 ndasninwliznon 2.4 e Mvuave A
[l 9y 3 ~ Y o [ 9y ] 9
TINVOYQ LasUYUADUN 2 el seneu 2.5 ﬂ"lﬁl!ﬂﬂlf‘]‘]JW?“lﬂlﬂQﬂf’)\ﬁl@%laclﬁiJ Iﬂﬂclflf

U 4 A A o [] [} 9 = =S [ dy
AUNUNUDI CAIM ‘VIQTJ\‘WIq@iuﬂTﬁﬂTﬁuﬂﬂlﬂﬂﬂmiﬂﬂﬂli’)\isl)"N‘]J@l:ljalliTEJaSLﬂﬂﬂﬂQ@l@llﬂu

Given: Data consisting of M examples, S classes, and continuous attributes F;
For every F; do:
Step 1.

1.1 Find maximum (d,,) and minimum (d,) values of F;

1.2 Form a set of all distinct values of F; in ascending order, and initialize all possible interval
boundaries B with minimum, maximum and all the midpoints of all the adjacent pairs
in the set

1.3 Set the initial discretization scheme as D : {[ dy, d,]}, set GlobalCAIM =0

1.4 Find maximum (d,,) and minimum (d,) values of F;

1.5 Form a set of all distinct values of F; in ascending order, and initialize all possible interval
boundaries B with minimum, maximum and all the midpoints of all the adjacent pairs
in the set

1.6 Set the initial discretization scheme as D : {[ dy,d,]}, set GlobalCAIM =0

o ax oy P} o A
ﬂTW‘iJi%ﬂ@‘U 24 Glluﬁ’aui]‘ﬁ*ll’ENﬂﬁLnJWNGII’qu,aTﬂEIGl% CAIM Glu"llu@l@u‘ﬂ 1
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Step2.

2.1 Initialize k =1

2.2 Tentatively add and inner boundary, which is not already in D, from B, and calculate
corresponding CAIM value

2.3 After all the tentative additions have been tried accept the one with the highest value
of CAIM

2.4 If (CAIM > GlobalCAIM or k < S) then update D with the accepted in Step 2.3
boundary and set Global CAIM = CAIM, else terminate.

2.5 Set k=k+1 and go to 2.2

Output: Discretization scheme D

o ax vy P} o A
ﬂTW‘iJizﬂ@‘U 2.5 Guuﬁ’e)ui]‘ﬁ*ll’ENﬂﬁmJWN"ll’e)an,aTﬂElGl% CAIM Glu"llu@l@u‘ﬂ 2

y
2.3.2 naenn g lumsdsznulszansmn
s dq v - ~ - o .
mannlslunistsziuudse@nsaIn (Discretization Method Criterion)
09.:’ as 1 1 9 9 A =l ~ I 1 1 09.:’ as
TUADUIBUDINMIHUITNToYar Idwen/TouougauigaoouveaazIuAdUITA NN
a Y Jou 1 Y 1 9 o 1 9 {q
Usziiiuldnnnusiaeas Uil Ae 1) Annugndes 2) Srwduvesrisdoya uaz 3) a1y

Tunsutieredoya (Garcia, J. Luengo, 2011)

1 [~ a 1
1) mmmgﬂ@’fm (Accuracy Rate) nJuﬂ3$L3Jumﬂmmmgﬂ§faﬂu

MIFouiazMINaaoUYeIRITUUN (Classifier) 71 I uinnenatazadauuuiiaes

2) $1UIUV0IFIITOYA (Number of Interval) Usziiunniuiuves
] 9 A 9 [ A 1 1 9 Y o ] 9 A o <3 1 9Jq
Fdoyan laraanniimsuirdoyatisiuivvessisdeyaldnumnnozdanal 19

a oy 4 'Y o oy Y 3 o qYq¥ v a oy
l'Ja’lGlUﬂ'ﬁlﬁfJugﬁJ'lﬂsUu L!@]ﬂ’m’]u’)umﬂﬂ%?ﬂmﬂﬂ“au@ﬂﬂﬂz'ﬂ’ﬂﬁi“m’)a’]u@ﬂaQGlUﬂWiLﬁfJuz

{q ¥ . . I a A a qg,l A
3) 192190 19 (Time Require) W ulsziliulseansnmvostunouls

Aq Y o 9
nnnanlglumsuiagedeya
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2.4 madwunilsziandoeya

1 [ v
matanlFlumsimuniszinndoya (Data Classification) 114 1u9 13761l
Usznovale du'liidadule Ao 148 Tnseirelseamifion Ao Radial Basis Function (RBF)

Multilayer Perceptron (MLP) uazm%wms‘f (Naive Bays)

2.4.1 auligaaule

v A 33| o
au'lfidaduls (Decision Tree) iumsdmundoya Tasunuanug lugiuuy

vosdu i Tashuaaz Tnua (Node) naasguanvuzildlunisnagendoya uaazng

(Branch) uaaswalunsnadouuas Inualy (Leaf Node) uaasuaainguniona1annivua

4
A v A

Y
13 (myyau, 2551) Juneuismsiseuivesdulidadulaiiaeb

Y Y] 9 . Ao W ~ [
D aurnuanyazunia (Attribute) ﬂmﬂﬂmqﬂiummmﬁuaga

o o s o Y g 3 v o
Tagnadnyuzdoyatiazgminnaiuiulnuasin Task Tuualy (Leaf Node) iilunadnsn

o

] = A o Y} < Y s
ﬂﬂTﬁ‘uﬂhl’JﬂfJu mium‘iu,aaﬂﬂmaﬂymwauﬁam;ﬂuiwumzhmmmmﬁﬁumﬁ U1

9 @ 9y 1 4

g

a A 1 Y 9 A
W’i]’]ﬁﬂ!’lﬁluﬂ15lﬁ@ﬂiﬁuﬂuﬁﬁgiﬂu@ﬂl@ﬁﬁulflﬂ ﬂ’]ﬂmﬂﬂ‘]ﬂmgmaﬂﬁﬁlﬂﬂwﬂ“ﬂmMﬁTﬁﬁULﬂﬁ
q

q U

Y 3

A T a0 g (9 <] A
agansenuaueu Insiosga Nazgniaenliilulvuasin

q q

[ Y =

) 1 i g ] .
2) iadu 18 luguanyuzdoyangnidenuimuen (Split)

U U

dudsesnninlvuan ldden’ld

v
[ =

Y o QBJJ A @ Y A o
3) mnau"lﬂwﬂumumuuiﬂ ADVIAUANHUSUDYANAINYNGTAIN

U

Y A g A o 1 o
%']ﬂsllﬂlluaﬂlelﬂlwft‘)ﬁ']@jllﬂﬂllﬂﬂm@\jiﬁuﬂﬂﬂqﬂ
v A

Y v J
4) 1 T1i5o89 aunsznedrodadioya (Instance) Nnaatiaminata

A [ A = [ 9 A 1
mmuﬂuwmma"lwqmaﬂymmayaﬁlﬂmaaﬁlummmLwﬂ

2.4.2 Tnsanelszanminew
] <
Tnssviedssanieon (Artificial Neural Networks) Jugiluunmsilszuiana
d' =3 o 4 9 ] [ A 4
NRguuUUMININUYIaNeINyEd Uszneudlgniielssuianadesrsamesisasou
1 A A 1 [V I 1 Y A 1 = A
(Perceptron) ¥ia18x U Nae NI U TATIVI8 YoAveeInsavIedszanineune
aunsotinemnlianuuiudigs nuniuasauAanala uazawsnsessudoyai i

ﬁuyjm‘fﬁaﬁﬁwumu (Mellit and Kalogirou, 2008; Shiva and Khare, 2004)
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¢
2.4.2.1 ossnnsou
4 I ] Ad A
L‘WE]iLG]f‘V\lG]iE]u (Perceptron) L‘]J“LJ‘WLJ’JEJIJSZ?J’J&WQ Lﬁf‘l“l/]’stUEN
[} = 4 4 Y U J o
Tﬂiﬂﬂﬂﬁlﬂigﬁﬂﬂmﬂh ENﬂ‘]JiZf‘lﬂ“]J"ll’EJQLW’EJ?L%V\IG]??JH‘]J?ZT‘I@U@’JEJ Wiﬂ%uWﬁi’JM
. . o Y A ' ) o < Y o 1
(Summation Function) “I/H‘ViuWﬁ’H1Nﬁi’JﬂJﬂl@ﬁNﬁﬁ]migﬂ’JNﬂﬂH’Huﬂﬂlﬂﬁﬂlﬂgmﬂﬂﬂﬂﬂﬁl@ﬁ
v Y] o o Y . . . ° Y A v S w ¥
vayalul LL@%‘NQﬂ‘]ﬁuﬂizﬁlu (Activation Function) mwumuﬂmwaawmmﬂan%uwamﬂw

1 1 T Ay o J Y v
@giu‘]ﬂﬁﬂTﬂﬁﬂﬂﬂTﬁ LLﬁﬂ\?ﬂTWfJ\?ﬂ‘iJﬁ%ﬂf)“lJ"UfNLW@ﬁL%Wﬁﬁ@uqﬂﬂﬂﬂWWﬂigﬂﬂﬂ 2.6

Xl

Wl

W, Z
X2

W3
X5 Haddumason  Heddunszdu

I'4 4
wsznov 2.6 oenlsenevvsunessasou

o [ J o Y v ~
msmmmmaw\laﬂGnuwaimmmsmmm"lmmumm (2.8)

€

— n
y - Zi:l WiXi + B (28)
o 9y =) v J U d v
ﬂWWuﬂGlVi y o WﬂﬁWﬁﬂl@ﬁWQﬂ“ﬁHWﬁi?N
A1y Y o A
Xj Y ATUBYALVIAIN 1
A o 9 9 QSJI
n Y VTUIUVBUAVIMNNUA
A 1 g‘ o Y Y o A .
\VA Y ATHIUUNVDIVDYALVTIAIN 1
A ' 9 v =
B o ﬂ"li‘l!ilﬂ'l\u@ﬂﬂ
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Jd v o { @ 4 -
Wandunszdu () swmihiudawwadnsvesilandunasiuliog

b. e

Tugaeiiidesns Falinaeuuy fred1vesilandunszduamsondadld Seaunsi
(2.10) 84 (2.13) Tagsmuali z Ao wadnsvesilsndunszdu nay y Ao madnivesiladdu
HATIN

1) arduainl (Step Function) nadnsd Idazifiua 0 naz

1 waaenagumsi (2.9) waznmlsenew 2.7

1 ;ify=>0
7= . (2.9)
0 ;otherwise

mnsenou 2.7 Handuaail

Jou A v A '
2) HafA%uaLile (Linear Function) WAaaWSN ldaz Al

" v 9 Y v A
IMNUVDYALUT HFAIANTUNITN (2.10) taznnlszney 2.8

=Yy (2.10)
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-1

o Jdo aA
ﬂ1‘Wﬂi$ﬂ’E’J‘U 2.8 Wensuaiie

Jou a s 3 X X v A
3) HanFuaendnuosa (Log-Sigmoid Function) HAdWEN

1dog1e479 0 B9 1 naasdsaumsi 2.11) uazamilsznoy 2.9

1
Z:
1+e™ Y

(2.11)

v
<

Jo I a 4
ﬂ']‘W‘]JiZﬂ't’TU 2.9 Weantuaongnuosn

J o a 4 i . . o A
4) WINFUUNUFNNBEA (Tan-Sigmoid Function) NAANTN

lavzoglusag -1 D 1 uaasdsaumsi (2.12) uaznmilszneu 2.10

2
z = —
1+e~2y

(2.12)
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v
<

o v a 4
Mwsznew 2.10 HeNFUUNUFNUDEA

v = d o
24.2.2 Iﬂiﬂﬂﬂﬂﬂﬁ%ﬁﬁ’lmtﬂl!!UU!WE’)i!“‘“V\'ﬂS@%‘Yi@]ﬂ‘UH
] ~ 4 3
Iﬂiﬂ"lﬂﬂ‘ﬂi$ﬁ11/]L“I/]EJSJ!L‘]J‘]JLW@?L%V\IGI?@HWQNJ%’H (Multilayer
I o J ] A 1T v ]
Perceptron Neural Network) nJum:iuuanwaiwwmauwmﬂwmﬂmmmaﬂmﬂuiﬂﬁww
A A a a 4 =) 9 [} =
L‘W’E)L“WMﬂﬁ%ﬁ‘ﬂ‘ﬁﬂ1‘wsluﬂ1ﬁw&1ﬂiﬂ! gﬂ!L“]J‘]JﬂTiL‘iEJ’L!'g',GUfNIﬂiQ"IHEJ“IJ§'$ﬂ’11/lmilﬂJLL°U‘]J
J 3 < ~ 9 9 Y = ' = '
rwaiL%W@ﬁauwmwmzLﬂummauguuugﬁau Gﬂxﬁﬁ)\‘lﬂJﬂﬁﬁ@uIﬂNﬂﬂﬂﬂ§$ﬁ1ﬂmﬁlllﬂﬁ)u

9 a 9 1 ~ 4 3 = @ A
1]11J61“N1uﬁ]3\‘1 Tassasnavedlassvelseammounuumwesisnasourna1eFul 3 52AU Ao

e To

v
Y o ]

v o v o v YA o e 1 Ade duy o v <
u(’U@jJ"ﬂl"U'I PFUBDU LLASTUNAAND Tﬂﬂ%um@ﬂgﬂlm'lu 1 ¥U %ucﬁﬂuNﬂ%uﬂhlﬂ UASTUNAQONWD

=

9
IS) (>

[ c?;’ a 4 = 1 Y ¥ @
1B 11!&&@6%651!ﬂgilLWl’i]iL"]W\lﬁi@uﬂﬁuﬁﬂﬂqﬂllﬁﬂﬁﬂﬂﬂTWﬂizﬂ’f)‘U 2.11

9 k4 k4
Fudoyadn  Fuzou Funadans

mnlszney 2.11 Tasenelszannmesunuvuiloull419111 (Feed Forward Networks)
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2.4.3.3 isasadaandy
IsAsaaaa ﬁ ¥ 1150 RBFNetwork (Radial Basis Function Neural
I ] )=} 9 A .
Network) tTuTasevrsdseaminenisenou@ae 3 Layer Ao Input Layer Hidden Layer 182
Output Layer (Lan and Frank, 2005) 1a® Hidden Unit iigiuunnisissuianalas il andu

NIZAUUVLISIAYA (Radail Activated Function) (Nikolaev, 2008) HIuaaIfaun1s (2.13) da

(2.15)
1) Mutiquadratics: @(x)= (x? + CZ); i c<0 (2.13)
2) Inverse multiquadratics: @(x) = 1/(x? + CZ)% Lﬁ‘@ c>0 (2.14)
3) Gaussian: @(x) = exp(—x?/20?) o 0> 0 (2.15)

o I~ [ o
Tagnn ul‘ﬂ Y 16195} Gaussian Function 111 Radial Activated Function 1A8HNaa W5V

HandFunszduuuuisifeaszogluyag 0, 1) Asaunsh (2.16)

2
F(x) =X wiexp(—|lx — x;1*/20;%) (2.16)
} P T ¢ ' . . .
D A4 o L‘]Juu"lﬁuﬂﬂlﬂﬂL@TiV!‘ﬂi%ﬂﬁN Hidden Unit tiae Output Unit
A o . .
n A9 31UIU basis function
A ¢ . .
X; A9 FUINANUD basis function
A v 9 9y
X o mﬂmgmm

d
2.4.3 worus
=) 4 . 3 a o 9 Y]
TRGRI[STL (Naive Bayes) L“lJumﬂuﬂﬂTiﬁﬂL!,uﬂf’UfJiJ"aW@mﬂﬂﬂ Thomas Bayes
= 09;' a A o Y a 1 A 9 [V 1 3 I a
IﬂﬂﬂJﬂTiﬂ\iﬁiJ‘JJG]j;"IuLWﬂﬂTViuﬂiﬁﬂﬁlﬂﬂﬂl@ﬂlﬁﬂﬂﬁﬂMNﬂ m“l%“luﬂmmﬂqmumﬂu@ﬁiz
1 (% =& o a 4 [ @ 4 1 Y] a 1 v o o A 9

ADNU “]Nﬁ]z“l/l'lﬂﬁ?l,ﬂiWZﬁﬂ’J"IiJﬁ‘JJW‘Llﬁizﬂ’N\W]’Jllﬂiﬂﬁﬁzlmagﬂ’Jﬂ‘]Jﬂ’JLL“]JS@]'IiJLWE]Gle'Glu
gy A ' & ' v o s A v ) o A
ﬂ'l'iﬁiNN’f)ull‘llﬂﬂnlu"lfﬂ%L‘]Ju‘ll@ﬂlmﬁ%ﬂ’nuﬁuwuﬁﬂﬂﬂizﬁﬂﬂm@ﬂ’t‘)ﬂﬂ"ﬁﬁﬁ'N!L‘LI‘]Jﬁ]'IaENﬂ

1 a

1 ] I A Y A Y A an =
egiugﬂmmmmm%mﬂu LW’E]“HTN@’?JM@]‘ﬁWuﬁlﬂﬂﬂ@]’f)\‘m%ﬁﬂ UDAVDIITNITHUULVYAND

9 L] Kl
E4 ]

Yy Y1 Y A A g ~ v o o Y Aa

mmmﬁl%mauﬂauazmmgﬂauwmu !W’t‘)ﬁlslfﬂluﬂ'ﬁlﬁﬂug HUDNNUSUNWICTUNUYAVDYaNY
1 1% 9 A a 1 o = 4

ﬂlu?ﬂolﬂﬂzjLlazﬂﬂlaﬂﬂﬂ!gﬂlﬂﬂgaﬂlﬂu@ﬁ§$@]ﬂﬂu NYPYIVY (Bayes’ Theorem) (John, Pat

Langley, 1995) @nsomiuis ladaaums (2.17)

(2.17)
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P(H|E) = [P(E[H) x P(H)]/P(E)

Avuali P(H) fo armniheziufefaduuign v
P(E) o anuthziluvesyadoya E
P(H|E) fie anuinzuves Hillensw E
P(E|H) fie anuinziuves Eiilons 1w H

2.4.4 mytszdivszansmwadwunisziandoya

M35z udI9 U 521AN (Classifier Evaluation) 1315041900y 3
Sugaiae dunlszansamlunisaouszuy (Training Efficiency) A1utszansainlunis
IUN (Classification Efficiency) LLaSﬂ’J”IllQﬂﬁgljﬂﬂcluﬂ”liﬁ]o”luuﬂ (Correctness of Classification)

% a a o [ <
ﬁﬂﬂi%ﬁ‘ﬂﬁﬂTWGL‘Llﬂ1§ﬁﬁlui$°ﬂ'ﬂllﬁ$ﬂ1§ﬂ1lluﬂﬂ5$m‘ﬂi]Z’Jﬂ"l]1ﬂﬂ’3'l$JL5’)11!ﬂ'liiJi$ll'JﬁNﬁ

Y 1
A A

Y ' o & Y . @ a a a yas

wazmslsidenulen1 U3 NI UKan (Radovanovic, 2006) N1siatlseansninienl¥s
Y Y A £ o A a A Y} Ay v

NAIUMIAUAUTTAUNA FIMTIalszanTnmvesszuvazlszidunndoyan laninms
° I~ . . . !
$wunsznnueaaailun1s19 Confusion Matrix (Kohavi and Provost, 1998) 1/52naudleal
9 A g J a 9 A ) . [ A .
Yoy aNuA1934 (Actual) Hazvoyaindlua1inug (Predicted) AIA1319N 2.2 1AAI Confution

U

Maxtrix @5 UMIIWUNUTLANNY 2 Aand

#1319 2.2 Confusion Maxtrix

Value Predicted
Negative Positive
Actual Negative a b
Positive c d
o b, Ao o T Ao Yy v v g .
ﬂﬂ’iuﬂi‘l’i a o %11&’)1«!@’)@EIN‘VI‘VHHWEJllﬂQﬂ@lfN’JW]’J@EJNL‘]J‘L! Negative
o @ l { o a 1w ] < ..
b ﬁ’f) mmuﬁaamqﬁmm&wmwmaﬂmﬂu Positive
A o Y] [ A o a T v 1 I .
c o ’1]']1!'311!25]'3@‘(’JT\TI/I‘I/HH']EJWWJW]’J’E)EJ']\‘]HJH Negative
A o o Ao ¥ v o v .
d o ’1]']1!'JL!@'Jl’i]‘t’JN‘I/I‘I/nquJulﬂQﬂ@lﬂQQWYJ@fJN!f]J‘Ll Positive
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v Y
910 Confusion Maxtrix 14a15199 2.2 eusafuIuaIaIee Jasadl
I ] [l o 3 A v o
1) Accuracy (AC) tHudadIuvo 931U IUNIHUANAITuUNY521AN

Hneldgndes aunsadiunw lddeaumsi (2.18)

a+d

C = (2.18)
a+b+c+d

2) Recall (R) #50 Time Positive (TP) 11 udad 11098 11ud 108199

o Y v AA 1 a g . o Yo A
‘Vl'llﬂ‘c’lllﬂgﬂﬁﬁlﬁ ﬂimﬂﬂﬁ]ix‘u‘ﬂu Positive mmmmmm‘l@mﬁumw (2.19)

R =— (2.19)

.. I [ 1 o o l A o 4
2) Precision (P) Lﬂuﬁﬂﬁ?uﬂl@ﬂ’ﬂ?u?u@3@81\17]1/]']1!']81@

' o

9 A I .. o Y ~
gnaey ﬂimummmmﬂu Positive mmmmmm"lﬂmﬁumﬁm (2.20)

P =— (2.20)

2.4.5 M3uUITaal UM INATDY
I ax E4 o . .
Wuasmslunmsaanisal luwa Taen15%11911Uv09 K-Folds Cross Validation
I v 9 I 1w o IS .
Wunisuisveyasenilu K gaqminy Tunssiauilugadou (Train Set) Hazganaaon
o o o o : & !
(Test Set) Iagihaunanua K a5 mshauseunsnioyagai 1 wziiluganaaeudoyayai
I ' { 3 {
e (K-1) wiilugaaou nazlusevde ldoyayad 2 azilluganadon doyagaiinaon:

= g

I 09/’ 9 an dyd 9 = I oa.;l

WugAADUIUATVIINUA K 501 UAV09ITHUAD Toyanndlvzll lemaitlunsgadeutaziya
Y

nadou uazlumsdouuaazaiIzlivoyasinynaatd Mons1uIU Fold 92 WI15219IN

IUIUEIDH19 NI IUIUAEIDI 1NN IIUIUVINAIVITOADNTIUIY Fold Mvimzay'laa

#19819N15111911 10-Folds Cross Validation LaadAd0115197 2.3



A13199 2.3 A198197151191UUD9 K-Folds Cross Validation

36

A
IDUN

gadoya K-Fold
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M13199 3.2 Aedrdoyanvvesyadoyasighriumsunusdoyaigynie

U

id age class id age class
1 1 care 16 11 edu
2 1 care 17 11 edu
3 2 care 18 12 work
4 2 care 19 15 edu
5 2 care 20 16 edu
6 2 care 21 16 edu
7 2 care 22 19 edu
8 3 care 23 22 edu
9 4 edu 24 25 work
10 4 edu 25 27 work
11 5 edu 26 28 work
12 7 edu 27 28 work
13 7 edu 28 31 edu
14 9 care 29 33 work
15 10 edu 30 35 work

3.2 TuAdUIBUBINISNLNT IR

9
o

TJuapuIFuosmsniirdoyalasldaundensnizneaivesdoyaszning
aa 4 1 '
AQITUASUDANTUIAVDINN mqsﬁ’aya %350158n71 Class Attribute Interval Average

4 o an
Discretization Algorithm (CAIA) Tagfin13Uszgnaldndnn1sn19adanaza1319 2D quanta

v v
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(% { 1 1 1 I
matrix A9UaA1UA15197 3.3 MW“K?ﬂiuﬂWiﬁWWQQ%}@gﬁﬂﬂﬂﬁ;ﬂ CAIA gunsauyseonmilu 2
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@ 9y

Y 1 . @ 2L g
ayauazianmsveyalriodluglunuved 2D quanta matrix HaaIAINIWsENOD 3.1 Failu
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& axdq 9 vy e 4 v "y Ao
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A15199 3.3 2D Quanta matrix for attribute A and discretization Scheme D

Interval
Class 1 r n Total
[d1,d2] (dr—l,dr] (dn—l,dn]
Cq di11 dir d1in My,
o di1 Qir Qin M,
CS qSl qu an MS+
Interval Total \Y \Y M., M
CAL,, CAL, , CAL,, CAL,, CAIA
) Y A )
ﬂﬂ’iu@sh’i S ADITUIUUDIAATT
n Ao uuveedoya
M ADIIUIUVDA instances
A Y} A A ' Y
Qir ﬂﬂWﬁﬁ?N‘U@QﬂlﬂHﬁﬂ’]ﬂﬂﬁ’]ﬁﬂ lﬂﬂgiusﬁaﬂﬂlﬂyjam@\‘]
(dr_q,dr]
A p o A a . "
Mi+ ﬂi’)Naijum@\ﬂlﬂjﬂﬁﬂﬂﬂuﬂﬂﬂffLUﬂﬁ']f‘ﬁ/] lmﬂ\inﬂsﬁflqm@y’a
Y ]
M,, AOHAIINVOITOYaNIrNANogluTIToyaves (d_yd,]
YoINNAANE

1 Y 9 1 aa
CAIL,, ﬁ@ﬂ’lﬂ’liﬂﬁgﬂ'lﬂgnsllﬂ\‘]GU'E'Jlluaigfﬁ'J’]\?ﬂa'lallagllﬂﬁﬂiﬂﬁlﬁ‘lu
v o9 A
NN PNVoYaN r

=) ' = @ 9 1 a
CAIA ﬂﬂﬂuﬂﬁﬂﬂ'ﬁﬂi%%'lﬂ@’mlﬁ]\i%@yjaiZW’JNﬂﬁ1ﬁ'LLﬁ$!L@@‘W§

d' = 3 1 = =Wl 3 1 =
Tagh i UMAWA 1 D9 s tag r UAIALA 1 D9 n
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Given: Data set where M is the total number of instances, s is the total number of classes,

and x is the total number of attributes

Stepl . Create 2D-quanta matrix

1.1

1.2

1.3

1.4

1.5

1.6

1.7

1.8

For p=1tox (each continuous attribute A})
Let d; = minimum values of A,
Let d;, = maximum value of A,
Sort all distinct values of Ap in ascending order
Merge all adjacent intervals that belongs to the same class.
Forr=1ton //nis the number of intervals
//Calculate midpoint of each adjacent intervals

B, = (Bmax, + Bmin,,,)/2

Output is the 2D-quanta matrix, discretization scheme D for attribute Ap

A
Y 9 . v 9y Y
ﬂTW“]Ji%ﬂE]“U 3.1 YUABUNITHI N 2D quanta matrix 6U’E'N'ﬂ1iLl,‘]J\‘lG]f’J\‘iGll’f]ll“ﬁIﬂﬁlslflf CAIA
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Step2 . Merge using class attribute interval average algorithm
2.1 For r=1 to n //nis the total number of intervals
2.2 For i=1 to s

23 // Calculate Class Attribute Interval

CAI+r = Ziszl (qirZ/Mi+) X (M+r)
2.4 If (n>s) then

2.5 CAlyin = CAL, minimum value

2.6 candidate merge CAlpi, with CAlyight of mins
2.7 CAIA ight = Xr=1 CAL/n

2.8 candidate merge CAlp;, with CAlje¢f of mins
2.9 CAIA¢ = X0, CAIL,,./n

2.10 If (CAIAleft > CAIAright)

2.11 then CAIA = CAIA et
2.12 else CAIA = CAIAright
2.13 n=n-1

2.14 Output discretization scheme D' for attribute Ap

k4
Musznew 3.2 TuAeUMIHABNIINVBINMIILNTIToYa lay1d CATA

Y Y
PunouIB lumsuleredeyaves CAIA Usznoudlsdunoudos Tagainsn
Y
o510 lasaan 117l

v v
U I

< @ 9 Y .
Tunoui 11Hlumsiagiuundeyalneglugiuesnisie 2D quanta matrix

A 1Y) 1Y) 4 1 [ = [ 1 9 AAo 9 I
INOLEANANUANNUTICHINAIAAIT C; IUDI Cg NU n BIJUDYA Vlmm’gwumgmﬂu M

EY

Jd o o o

aa 4 { 4 o Aaa 1
instances VOILDANTUIN Ap i p=1tox Lﬁﬂ X ﬁammumamammmm A1MIUAIDYN
9 3 o 1 Y} AN Yo o = Y} ~ ]
"’U’f)iJ“aGluﬂTW‘]Jizﬂﬂ‘U 33 Lﬂu@’)@ﬂ'lﬂ“qﬂﬂlﬂl]ﬁﬁﬂ'lq‘lﬂllﬂN'luﬁlluﬁf’)usllﬁl\iﬂﬁL@ﬁﬂi\lﬂlﬂy’aﬁﬂﬂiﬂﬂ

Y
Uszneudisiiudoyananun 30 instances saziidwounaid 3 amd Ao care,
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Step 1.6-1.7

» Midpoint (3+4)/2=3.5

Midpoint (7+9)/2=8

Midpoint (9+10)/2=9.5

» Midpoint (11+12)/2=11.5

» Midpoint (12+15)/2=13.5

» Midpoint (22+25)/2=23.5

» Midpoint (28+31)/2=29.5

Step 1.2-1.3 Step 1.4 Step 1.5
age | class
1 care \
1 care
2 care
2 care
>Interva| 1=[1-3]
2 care
2 care
2 care
3 care ]
5
4 edu
4 edu
5 odu >Interva|2: [4-7]
7 edu
7 edu | ) o
9 | care } Interval3 = [9] -
N\ >
10 edu
1 edu > Intervald = [10 — 11]
11 edu |)
12 | work f Interval5 = [12]
3
15 edu
16 | edu
16 | odu > Interval6 = [ 15 — 22]
19 edu
22 | edu |/
S
25 | work
27 | work % Interval7 = [25 — 28]
28 | work
28 | work
31 edu } Interval8 = [31]
4, =35 | 33 | work } Interval9 = [33 — 35]
35 | work

lagn s=3,M=30,n=9

» Midpoint (31+33)/2=32

9 v
AMnisgnou 3.3 @19819M15H19UV0S CAIA Tuduaoui 1.1-1.7
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9 Y v
edu (Education) 11ag work t1azduaould lun1suusrasdoyaves CAIA Tuduaoud 1]
o . e
TunoUdauRIA 111l

Yunouil 1.1 S%3UNN9) attribute A, Ap = 189 X
AN

o <3| ' ! < 1 {
Tuaoud 1.2 89 1.3 fmuald d, Wuawiesiga wag d, iuannnigaves
attribute A, 9106120819V M 5zn01 3.3 T step 1.1 9214 d; HaAwidy 1uag d, I

AU 35

See

unoUN 1.4 58981 Uv0T0Ya attribute A, 31008l 1mIn LaANA
fa08191u step 1.3
33 d' o A W 1 9 d’d =S (% d‘ a [} Y 1
TunpUN 1.5 1113 Merge vizodanguiayaninaiameiiunedaanu 1vied
Tu g29doyaferiu nansne@106191u step 1.5 134 interval 1 = [1-3], interval 2 = [4 — 7]
<
iWhudn

9
=X o

uAUN 1.6 89 1.7 1UFIN r

Qe
D.

=2 4‘ o ' . .
1 99 n (WDATUIUYIAINAN (midpoint)

=]

1 vy A I Y 1 I 4 o Y ]
ﬂjaumazﬁmwagmwaﬂ1‘Viumﬂum@ummaga"lmmazmwaga mmmmmmm”lﬂiﬂﬂh

A o Y = U ] 9 A ] 9
qun1In (3.1) fvuali B, ADVDULVAVDILAAT TINUDYA Bmax, ADVDUVUUDITINUDYA

#1 r 1182 Bmin,,, NOVOUANUBIFIToYaN rt] 1AIMTAIGTOUNONIAINANTZHINNAD

1
I ra

Fradpyaiogaany uanInd106191u step 1.4 1991 A1 midpoint ¥0IFIIToYAN 1 AVFI
¥ S A

VOYaNn 2 Av (3+4)/2=3.5 udu

B, = (Bmax; + Bmin,,)/2
(3.1
o = v sdyy & A vy Ao
Tunouil 1.8 udawaansn lanindunoud 1 vz ladeyaniasglugiuuy

. ] { Y . 1 9
VYBIN1T19 2D quanta matrix aaaadlunsnei 3.4 dsznounie 30 instances, 9 TINVDYA LA

3 Aand
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L oy - 2 -
A15199 3.4 A29619WAANT 2D quanta matrix VY0IYAVOYADIYN IAvINTUADUN 1

Interval

Class 1 2 3 4 5 6 7 8 9 Total

[1-3.5] | (3.5-8] | (8-9.5] | (9.5-11.5] | (11.5-13.5] | (13.5-23.5] | (23.5-29.5] | (29.5-32] | (32-35]

Care 8 0 1 0 0 0 0 0 0 9
Edu 0 5 0 3 0 5 0 1 0 14
Work 0 0 0 0 1 0 4 0 2 7
Total 8 5 1 3 1 5 4 1 2 30

v
(Y

o o
dunoui 2 Wuduaoulunis Merge Tas 149 Class Attribute Interval Average
@ l o oaj Qddy o ~ = = Y dy
(CAIA) #10819M NN UVOITUABUITHIEAIAIA15197 3.5-3.11 Tasiisivazipeandns 111
¥ v Y 1
Tunoun 2.1 99 2.3 Krdrluuaaz Class (i=1 to s) lNORIUIUNIAT CAL,,
] { o I 1 %
YoINNT FNVoYa (r =1 to n) TaglFaunsin (3.2) fmuald cAL, iWusinmsnszaedives
v " p v 2 v i Y, g @
Poyalunnag ¥33903a r v8aNNY class 1a81% ;.2 ¥13A28 M, NQAUA18ANIINIIN

. g 1 1 9 { Y Y 9
(weight) Nl UKasINVBIUAAZFITOYA 1 r TUNAY) AATE D1AINITNIZIAIveITeYaly

v
=

[ o 1 o ' ' 09/’ | a
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M13197 3.5 A29619MIRUIUIIA CAL,, 1Az CAIA vosgadoyaoiglusond 1

Interval
1 2 3 4 5 6 7 8 9
Class Total
[1- 3.5- (8- (9.5- (11.5- (13.5- (23.5- (29.5- (32-
3.5] 8] 9.5] 11.5] 13.5] 23.5] 29.5] 32] 35]
Care 8 0 1 0 0 0 0 0 0 9
Edu 0 5 0 3 0 5 0 1 0 14
Work 0 0 0 0 1 0 4 0 2 7
Total 8 5 1 3 1 5 4 1 2 30
CAI_,_r 56.8 8.92 0.11 1.92 0.14 8.92 9.14 0.07 1.14 CAJA=9.698
o a A HAq¥q A A Yoo "y d'
VUADUN 2.4 m’mNaullmwslﬂuwmamwmiwqﬂﬂa mmmumwauya k

<] )

14 1 o ' v o ' Y Ay ¥ 9
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Yy A

Tunouh 2.5 AUy 19voyaiiin1ves CAL, Nileoiiga wazivualiia

< ' { 1 { {
CAlyin 1Hus9doyaniian cAl,, Nosiga
Yunoudi 2.6 99 2.7 NadoUNADUITINAVFIToYANDYAANUNINVNVDIT

Yoyai CAly, 1d1hmMIdmIaIm CAlA g Tneldaunsi 3.3) simuald cala iy

U
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AUNABYDINITNITZNBA2 luNNY FrdoyaNiinisvaonsau A1 UNAeYDI CAIA ganI1 N

Y U

[
v @ 1

] v v
HAAINAURAIIINAITHADNTINAULNTATZEAINANI A2981911A15197 3.5 WuAD %29
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Yoyafiogaanun19udl vasniinisrasusINANIZnI1e FI9deyad 8 uaz 9 a1

CAIArigh: 71100 11.00
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CAl,;, A0 FAINVOUAN 7 HAIVINNUNITHABUTINAUTLH AN FIUBYAN 7 1AL 8 A

U U

CAIAjeq N1Af0 11.232
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YuAdUN 2.10 94 2.12 WS sNeuA CAIA V9INMTHABNIINAUNIIUI (F29

Qe

A

Yoya 8 11 9 TdA1 CAIA Ao 11.00) Hazn1edie (F29dpya 7 1D 8 1dA1 CAIA fio 11.232)
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v Y v
Lléljlﬁﬂﬂﬂa@llﬁﬂhﬁﬂﬂ"l CAIA ﬁil"lﬂﬂ?'l ﬁﬂﬂ'umﬁﬁa@mamm%’mz”lﬁ/m CAIA 11NN
=2 o A o 1y Yy o a "y A o Y o '
NINUIN mmﬂmaaﬂwaam';uﬂumwwvamwmuuﬂ@ (GI)"J\‘FU@iJuﬁVI 7 DU 8) UAIDWLANA

CAIA 1311 11.232

Yy 9
o o

YUADUN 2.13 set A1 n =n-1 1AInaU TS TUAOUN 2.4 LETAIAINITIIN
=2
3.6 D9 3.10
2 4

Junoun 2.14 uaasnadnsvesrrsdoyan Idlinsutsdeyaddedialy

A15199 3.11

{ o 1 [ J F) {
GﬂiNﬁ 3.6 AIDY1INITATUIUYIAT CALL . Itag CAIA GIJE]QGIJWU?JM”@EHEJGLUiE]‘Uﬁ 2

Interval
1 2 3 4 5 6 7 8
Class Total
[1- (3.5- (8- (9.5- (11.5- (13.5- (23.5-
(32-35]
3.5] 8] 9.5] 11.5] 13.5] 23.5] 32]
Care 8 0 1 0 0 0 0 0 9
Edu 0 5 0 3 0 5 1 0 14
Work 0 0 0 0 1 0 4 2 7
Total 8 5 1 3 1 5 5 2 30
CAL,,| 56.88 | 892 | 0.11 1.92 0.14 8.92 11.78 1.14 | CAIA=11.232

v v o

v d { o
10A1519% 3.6 1T UAI98197159119 U9 CAIA Turusoudn 2 Aovriing

A A ] 9

Aunsdoyaniia CAL,, Neefiqa Aorradoyan 3 Taslinl CAL,, Ao 0.11 HAINATOU

Q

Y A

M3rasNIIWAUFITeyanIdnene $redoyad 2 9z 1dA1 CAIA fio 13.171 waznaaonns
v 1y A a oy = Y1 A Y (a ) '
HaOUTIWANVFIIVeYaN 1Y Av F19deyad 4 9z 1dA1 CATA Av 12.976 udlseuiieusn
9 [ 4
CAIA voenado9doya Tasiimsidonsl CAIA Ngani1 andledeilazdoadontiaou
Y ' : o Y < I
sIWNUVRIFNToYaN 2 uaz 3 1unfAe (3.5-8] MU (8-9.5] vz Al (3.5-9.5] Tihflugredoya

712 luensan 3.7
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Interval
1 2 3 4 5 6 7
Class Total
[1- | 35 | ©5 | (115 | (135 | @35 | (32-
351 | 9.5] | 11.5] | 13.5] | 23.5] 32] 35]
Care 8 1 0 0 0 0 0 9
Edu 0 5 3 0 5 1 0 14
Work 0 0 0 1 0 4 2 7
Total 8 6 3 1 5 5 2 30
CAL,, | 5688 | 1138 | 1.92 | 0.14 8.92 11.78 | 1.14 | CAIA=13.171
1na1519i 3.7 Hudredranisiiauves cata luauseud 3 fevziinis
Fumgaedoyaiifien cAl,, fidosfiga Aevaedeyadi 4 Tasiim CAL,, fi0 0.14 udImaaey

MIHAOUTINAVTITYaNNE1eA0 F19doyad 3 92 1dA1 CAIA Ap 15.544 uaznadoUNS

@ 1 9 A ] 9 A Y1 A U = s 1
HADNITINNUFNUDYANWUI A FINUDYAN 5 fﬂz‘lﬂﬂ1 CAIA 9 15.783 uandSeuneumm

9 v £
CAIA ¥09M3d0 99 0ya Tagitimsidonal CAIA figandl 91ndIegNilazdoudenaoy

TAUYI Ty 4 ay 5 WuAd (11.5-13.5] A1 (13.5-23.5] v 1diTlu (11.5-23.5] lalidlu

I A A
PFINUDYAN 4 5111!@'13']\114 3.8

M35197 3.8 A29819MIRWIUNIAT CAL,, 1Az CAIA vosyadoyaoiglusoud 4

Interval
Class 1 2 3 4 5 6 Total
[1-3.5] | (3.5-9.5] | (9.5-11.5] | (11.5-23.5] | (23.5-32] | (32-35]

Care 8 1 0 0 0 0 9

Edu 0 5 3 5 1 0 14
Work 0 0 0 1 4 2 7

Total 8 6 3 6 5 2 30
CAIL,, 56.88 11.38 1.92 11.57 11.78 1.14 CAIA=15.783
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{ < @ I o { o
%']ﬂ@]']i”l\‘]“ﬁ 3.8 1T 1AI9819N15N19IUV09 CAIA Gluauiﬂ‘uﬁ 4 ﬁ’[’)fﬂgrﬂ'lﬂ']ﬁ

1 1 v v 2
Aumyisdoyaniial CAL,, Nivefigqa Aessdoyah 6 Taelin1 CAL,, Ap 1.14 n3diHiHIa
Y

9y A IR 9) [ 3 =< 9 Y [ Y A 3 I A @
vayan 6 YV IWUBYATANY ANUUIIADINADNTINNUFINUBYAN 5 UUNAD (23.5-32]1 nu

Y U

S

(32-35] 92 Idiilu (23.5-351 Tiliflusaedoyai 5 Tuaisiadi 3.9

{ o [} [ J F) {
Gni'l\iﬁ 3.9 A9Y1INTNIUIUYIAT CALL . itag CAIA mawmagamqimauﬁ 5

Interval
Class 1 2 3 4 5 Total
[1-3.5] | (3.5-9.5] (9.5-11.5] (11.5-23.5] (23.5-35]

Care 8 1 0 0 0 9

Edu 0 5 3 5 1 14
Work 0 0 0 1 6 7

Total 8 6 3 6 7 30
CAIL,, 56.88 11.38 1.92 11.57 36.50 CAIA=23.653

ISl

{ 3| Y ' o { [ {
911915197 3.9 1Wudred1emsithanves CAIA luruseun 5 $redoyaniina
CAL,, Wieeiiga Aeaiedoyad 3 Taeiia1 CALL, Ao 1.92 1AIMATOUNTHADNIINAUFI
Yoyandiene $1990yaf 2 92 1471 CAIA Ap 36.775 uaznadoUNIITHABNTINAVFIY

] A1y = Y1 A Yy = ' &
VIUANNUYIT AY TINVDYAN 4 ﬁlghlﬂﬂ”l CAIA A9 36.799 LLﬁ’JL‘].IiEJ‘]JmEJ‘]JﬂT CAIA ¥93IN3aoN

] Y o 1 { U @ 1 J Y @ 1
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Yoyaii 3 uay 4 sfuife (9.5-11.5] fu (11.5-23.5] 92 18T (9.5-23.5] liilusedoyaii 3 u

D.

M3 NN 3.10
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A15199 3.10 AI9819MIRIUIUNIA1 CAL,, 1Az CAIA voegadoyaoiglusond 6

Interval
Class 1 2 3 4 Total
[1-3.5] (3.5-9.5] (9.5-23.5] (23.5-32]
Care 8 1 0 0 9
Edu 0 5 8 1 14
Work 0 0 1 6 7
Total 8 6 9 7 30
CAL,, 56.88 11.38 42.42 36.50 CAIA=36.799
113197 3.10 Tudredemsinuves cala Tuauseudi 6 $29deyadiil
M1 CAL,, Tiosfiga Aevaadoyadi 2 Tnefial CALL, Ao 11.38 udamadeunsnaous WAy

Fdoyan1diens $19deyai 1 vz 1da1 CAIA Ao 76.642 HaznadoUNMIHABNTINAUFIY

9y = ' 9y = Y A Y = ~ ' 3
VOUANNUIT AD PINVDYAN 3 i]leﬂfﬂ CAIA A® 92.756 LL@’JLIJEEJ‘UL‘I/]EJU?H CAIA UD3Nda 9y

] Y o 1 { U @ 1 J Y @ 1
BINVDYA Iﬂfﬂ/ﬂﬂ'lilﬁﬁ]ﬂﬂ? CAIA ﬁq\?ﬂ’ﬂ iﬂﬂ@]ﬂ]’f]EJNﬁi]ZG]fNLﬁﬁ]ﬂﬂﬁﬂmjﬁlllﬂuellﬂﬂ"lﬂ\‘l

Yoyad 2 oy 3 1TuRAe (3.5-9.5] M (9.5-23.5] 12 &1l (3.5-23 51 udioidausend 7 $1m7u

' Y {y ¥ : 1 o o @ 3 :/l a o '
ﬂl@ﬂﬁlﬁ’gﬂﬂlayjaﬁhl@ﬁﬂ 3 Gd]i\u‘l/l'lﬂﬂi]']u')u"llﬁ]\“lﬂa'lﬁ muuﬁuuﬁau’ﬁmm CAIA %QWQ@‘W’Iﬂ’]iLLUQ

' Y Y v Jdo A
mwayjaiﬂmﬂﬂNaawmumﬂﬂum’iwﬂ 3.11

A o ' v o vy Y, ] Vo an
AT NNN 3.11 GIO’E)EJNW@ﬁW‘ﬁGUfNﬂ”l’iLL”]NGBNGUfJiJ“allﬂﬁ]1ﬂ5§ﬂﬂjﬂgaﬂ1q1ﬂ81“vﬂjuﬁﬂu?ﬁ CAIA

Interval
Class 1 2 3 Total
[1-3.5] (3.5-23.5] (23.5-32]

Care 8 1 0 9

Edu 0 13 1 14
Work 0 1 6 7

Total 8 15 7 30
CAIL,, 56.88 184.88 36.50 CAIA=92.756
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dmsudnuiuseuuazydoyaniinsnaouswnuzngaie n Hosn i

tﬂ' = [ d! = Y o d‘
U3 CAIA aTHYALND n UAUNINY 3 “]N’d']‘JJ']'iﬂﬁiq‘lJﬁ']fJaZL’E)EJﬂulﬂﬂ\WHﬁNVI 3.12

d' ) d' 9 1 1 9 9}03/' as
M131399 3.12 agUinuvenuseuin 1 lumsuiarsveya laslsiuneuls CAIA

Loop Interval merge CAIA value
1 (23.5-29.5] merge (29.5-32] 11.232
2 (3.5-8] merge (8-9.5] 13.171
3 (11.5-13.5] merge (13.5-23.5] 15.783
4 (23.5-32] merge (32-35] 23.653
5 (9.5-11.5] merge (11.5-23.5] 36.799
6 (3.5-11.5] merge (11.5-23.5] 92.757
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axAq Y 1 1 9 Y A @ 9 1 aa
Fanlrlumsutiesnveya lasldnundsnsnszaeaivesdoyaszrinaaiduazieaniiig
. | J a ' 9 A A
(Class Attribute Interval Average: CAIA) LﬂugﬂmmiumiWﬂﬁmwawayjawﬂmqﬂiumi
' ] 4
WaouTMveIrNdoyanegaany Tumsnaasuioinlszansamlumsinuvesdunou
Y
151 1dnaaosnugadoya 4 gadoya Benchmarks 91§ 1U403av03 UCI Data Set (Blake
v 1
and Merz, 1998) Ao Iris, Breast Cancer, Heart disease Li01Z Glass AAQNTUDINITNADDIVSLLIUN
< < < S o A a 4 '

pontilu 2 dsziaune Uszduusn umsiadszaninmluGoswssninnugndodlagldy 4

Data mining algorithm 11 11/511n51 WEKA (Lan and Frank, 2005) Tagutisgadoyalunis
L. g A g v o "y Ay ¥

NATOULUVY 10 Fold Cross Validation ttazisziauiidos ifumsiadiuiuvesrisdoyan 1

Y

1nnsuLeredeya TaslunisnaaesdszaninmiiuznlSeufiouny 6 Discretization

Algorithms Ao Equal-Width (EW) (Wong and Chiu, 1987), Equal-Frequency (EF) (Wong and

Chiu, 1987), ChiMerge (Kerber, 1992), Information Entropy Maximization (IEM) (Fayyad and

Irani, 1993), Class-Attribute Interdependence Maximization (CAIM) (Kurgan and Cios, 2004)

1ag Class-Attribute Contingency Coefficient (CACC) (Tsai, 2008)

4.1 yavoyanlrlumsnaasy

(=3

A 9 a A QaJJ ag 1 1 9
f ﬂyaﬂi%ﬁlUﬂWiﬂﬂﬁ@Uﬂ33ﬁ“l/]‘ﬁﬂ?W‘U’f)\i“Uuﬂ@u’J‘ﬁcluﬂﬁLLUQGH’N"U?JlJ‘]a

SR

L o
pyaiugadoyanuuaeliles (Continuous Data) A0 1) yAdoya Iris

=3

Usznouale 4 4a
o o aa J aa J

sznoudls S1uauuaddeya (Instance) 150 tnIvoya Himrueans A 4 uean3ig uaz

s waunad 3Aa1d 2) yAToYa Breast Cancer U52n0UAY $1UIULDITOYD 699 1102

o aa J aa J o

Yoya U3 mIuLeANITUIA 10 woan3194 tazlisuiunara 2 aana 3) gadoya Heart
. Y o 9y 9y Ao aa o aa o

Discase 152n0Ua28 $1unn90ya 303 toddeya i wuueaniiig 13 teaniiig uag

9 o =

0 ¥ v )
Ihvuaaa 509 Uag 4) YAVDYA Glass Useznauae UIULDIVDYA 214 LDIVDYA U

o aa J aa J o
MUIUUDANTUIA 9 UDANTUIA wazdidwaunand 6 A
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o o aa o'oaj aa
mmuum%’euﬁa (Instance) 150 umeﬁ'ayja HIMUIULOANTLIANIHNA 4 11oANT TN

4.1.1 yatoya Iris

dmiuauanyUYPIYATDYA Iris LAAIAID

] Y]

YNANATT NN

4.1 Usznoudne

A f

1) Sepal Length ﬁﬁﬁ%ﬂlﬂu (cm) 2) Sepal Width ﬁﬁﬂ?ﬂl‘ﬂu (cm) 3) Petal Length U1 U2

L‘]dﬁ! (cm) 148 4) Petal Width ﬁwﬁamﬂu (cm) U@

(A
%

191U2UAAE 3 AANE RO Iris Setosa, Iris

Versicolour ag Iris Virginica Inglutaazaaiavziidoya 50 unadoyaming dulunng aana

A @ 1 Y . o Y
uaﬂumﬁw 4.2 HEAPANAIDYNUDIYAUDYA Iris ﬂjﬁﬁiuﬂWﬁﬂﬂﬁﬂﬂ

~ [ 9 . o Y
MTNWN 4.1 AMUANHUSUDIYAUDYA Iris VlolﬁﬁclUﬂTﬁVIﬂﬁ@Q

Foyadoya | Srumwmdeya | Suuwmean3tod | swaunma mMvoyagye
Iris 150 X1= Sepal Length | 1) Iris Setosa Taii
X2 = Sepal Width | 2) Iris Versicolour
X3 =Petal Length | 3) Iris Virginica
X4 = Petal Width
M3 4.2 Metrgadoya s 11Fluminaans
X1 X2 X3 X4 Class
5.1 3.5 1.4 0.2 Iris-Setosa
4.9 3 1.4 0.2 Iris-Setosa
4.7 32 1.3 0.2 Iris-Setosa
7 32 4.7 1.4 Iris-Versicolor
6.4 3.2 4.5 1.5 Iris-Versicolor
6.9 3.1 4.9 1.5 Iris-Versicolor
7.6 3 6.6 2.1 Iris-Virginica
4.9 2.5 4.5 1.7 Iris-Virginica
7.3 2.9 6.3 1.8 Iris-Virginica

d A
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4.1.2 ‘Igﬂ‘i’l’i’)ga Breast Cancer

AMTUAUANYUTYDIYATOYA Breast Cancer LAAIAIDE1IAINITIN 4.3

Y o 9 Y A o aa d 09/' aa A
sznauaie VTUIULDIVDYA 699 LLDIVDYA HITUIULBANTUIANHNA 10 UBANTUIN ND
1) Sample code number 2) Clump Thickness 3) Uniformity of Cell Size 4) Uniformity of Cell
Shape 5) Marginal Adhesion 6) Single Epithelial Cell Size 7) Bare Nuclei 8) Bland Chromatin
9) Normal Nucleoli 1182 10) Mitoses Lagis1uIunaIe 2 Aad Ao Benign 118 Malignant

nazluasei 4.4 uaaidiodavesgadolya Breast Cancer N1 Iumsnaans

A15199 4.3 AUANHUZVDIYAVDYA Breast Cancer 1 19 1UN15NARDI

Foya | SIWIULDD . o . )

o o AMUIULDANTUIN IUIUADE ﬂ']‘l]f’)ﬁ;ljaqq;ﬁ"lﬂ
Poya Poya

Breast 699 X1 = Sample code number 1) Benign Y
Cancer X2 = Clump Thickness 2) Malignant

X3 = Uniformity of Cell Size
X4 = Uniformity of Cell Shape
X5 = Marginal Adhesion

X6 =Single Epithelial Cell Size
X7 = Bare Nuclei

X8 = Bland Chromatin

X9 = Normal Nucleoli

X10 = Mitoses
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M135197 4.4 A219619%AUDYA Breast Cancer 71 19 1UN5NAADY

X1 X2 X3 X4 X5 X6 X7 X8 | X9 | X10 Class
1000025 5 1 1 1 2 1 3 1 1 Benign
1002945 5 4 4 5 7 10 3 2 1 Benign
1015425 3 1 1 1 2 2 3 1 - Benign
1016277 6 8 8 1 3 4 3 7 1 Benign
1017023 4 1 1 3 2 1 3 1 1 Benign
1054590 7 3 2 10 5 10 5 4 4 | Malignant
1054593 10 5 5 3 6 7 7 10 1 | Malignant
1057013 8 4 5 1 2 - 7 3 1 | Malignant
1065726 5 2 3 4 2 7 3 6 1 | Malignant
1072179 10 7 7 3 8 5 7 4 3 | Malignant

4.1.3 ‘Igﬂ‘i’l’i’)ga Heart Disease

dmTunUanyUYIYAToYA Heart Discase HAAIRI819RIA13 19T 4.5
Uszneudis S1uaunadoya 303 unadoya H8mnuneansidianun 13 ueansiad fe
1) age 2) sex 3) cp (chest pain type) 4) trestbps (resting blood pressure) 5) chol (serum
cholestoral) 6) fbs (fasting blood sugar) 7) restecg (resting electrocardiographic results)
8) thalach (maximum heart rate achieved) 9) exang (exercise induced angina) 10) oldpeak (ST
depression induced by exercise relative to rest) 11) slope (the slope of the peak exercise ST
segment) 12) ca (number of major vessels (0-3) colored by flourosopy) 8¢ 13) thal (3 = normal;
6 = fixed defect; 7 = reversable defect ) HAzNIIUIUADE 5AA1E AD value = 0 , value =1,

{ o 1 9
value = 2, value =3 D¢ value =4 uaﬂumiwﬁ 4.6 HEAINIDYNUDIYAUDY A Heart

. {q 9
Disease N 1% 1A 15NAaDY




M3197 4.5 QuanbuzueIadoya Heart Discase 7119 1un1snaans
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%@Ggﬂﬂffay,a uuaaveya | wauueaniing | Swausana | adeyagamie
Heart Disease 303 X1 =age value =0 i

X2 =sex value = 1

X3=cp value = 2

X4 = trestbps value =3

X5 = chol value =4

X6 = fbs

X7 = restecg

X8 = thalach

X9 = exang

X10 = oldpeak

X11 = slope

X12=ca

X13 = thal

131971 4.6 F18819AY0YA Heart Discase 7119 1unsnaaes

Xl | X2 | X3 | X4 | X5 | X6 | X7 | X8 | X9 | X10 | XI1 | X12 | X13 | Class
63 1 1 145 | 233 1 2 150 0 2.3 3 0 6 0
37 1 3 130 | 250 0 0 187 0 3.5 3 0 3 0
41 0 2 130 | 204 0 2 172 0 1.4 1 0 3 0
56 1 2 120 | 236 0 0 178 0 0.8 1 0 - 0
57 0 4 120 | 354 0 0 163 1 0.6 1 0 3 0
61 0 4 130 | 330 0 2 169 0 0 1 0 3 1
60 1 - 130 | 253 0 0 144 1 1.4 1 1 7 1
54 1 4 124 | 266 0 2 109 1 22 2 1 7 1




57

4.1.4 yavoya Glass

dmSunUANYUTYDIYATDYA Glass LAAIRIDE19AIN15 19N 4.7 Ysznoudae

a =

Fuauunadoya 214 nondeya TS 1uauneaniiodfiavue 9 ueanitiag Ae 1)RI
(refractive index) 2) Na (Sodium (unit measurement: weight percent in corresponding oxide, as
are attributes 4-10) 3) Mg (Magnesium) 4) Al (Aluminum) 5) Si (Silicon) 6) K (Potassium)
. . A o A
7) Ca (Calcium) 8) Ba (Barium) (t a2 9) Fe (Iron) la s U ITUIUAQAIY 6AQ1T AO
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M3197 4.8 A8 19gATYA Glass N1Flunsnaaes

X1 X2 X3 X4 | X5 X6 X7 X8 X9 | X10 Class

1 1.51793 | 12.79 | 3.5 | 1.12 | 73.03 | 0.64 | 8.77 0 0 'build wind float'

2 | 151643 | 12.16 | 3.52 | 1.35 | 72.89 | 0.57 | 8.53 0 0 'vehic wind float'

3 | 1.51793 | 13.21 | 3.48 | 1.41 | 72.64 | 0.59 | 8.43 0 0 'build wind float'

4 1151299 | 144 | 174|154 |7455] O 7.59 0 0 tableware

5 | 1.53393 | 123 0 1 |70.16 | 0.12 | 16.19 | 0 | 0.24 | 'build wind non-float'

6 | 1.51655| 12.75 | 2.85| 1.44 | 73.27 | 0.57 | 8.79 | 0.11 | 0.22 | 'build wind non-float'

7 | 1.51779 | 13.64 | 3.65 | 0.65 | 73 | 0.06 | 8.93 0 0 'vehic wind float'

8 | 1.51837 | 13.14 | 2.84 | 1.28 | 72.85 | 0.55 | 9.07 0 0 'build wind float'

9 | 1515451414 0 |2.68|73.39]0.08 | 9.07 | 0.61 | 0.05 headlamps

10 | 1.51789 | 13.19 | 39 | 1.3 | 72.33 | 0.55 | 8.44 0 | 0.28 | 'build wind non-float'
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Dataset
J48 RBF MLP NB
Original-Dataset 96.00% 95.33% 97.33% 96.00%
CAIA 98.67% 98.67% 98.00% 98.00%
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X1 X2 X3 X4 X5 X6 X7 X8 | X9 | X10 Class
1000025 5 1 1 1 2 1 3 1 1 benign
1002945 5 4 4 5 7 10 3 2 1 benign
1015425 3 1 1 1 2 2 3 1 - benign
1016277 6 8 8 1 3 4 3 7 1 benign
1017023 4 1 1 3 2 1 3 1 1 benign
1054590 7 3 2 10 5 10 5 4 4 | malignant
1054593 10 5 5 3 6 7 7 10 1 | malignant
1057013 8 4 5 1 2 - 7 3 1 | malignant
1065726 5 2 3 4 2 7 3 6 1 | malignant
1072179 10 7 7 3 8 5 7 4 3 | malignant

A Y 1 = Y] 9
‘VlE:Ifig“Vi'lﬂﬂ’JEJﬂHﬂﬁEJi’B‘]J“IJN‘IJ@Q"]jWIJEHqJ,ﬁ Breast

9197 4.1 frededoyantimsunumdoyn
Cancer

X1 X2 X3 X4 XS5 X6 X7 X8 X9 | X10 Class
1000025 5 1 1 1 2 1 3 1 1 benign
1002945 5 4 4 5 7 10 3 2 1 benign
1015425 3 1 1 1 2 2 3 1 - benign
1016277 6 8 8 1 3 4 3 7 1 benign
1017023 4 1 1 3 2 1 3 1 1 benign
1054590 7 3 2 10 5 10 5 4 4 | malignant
1054593 10 5 5 3 6 7 7 10 1 | malignant
1057013 8 4 5 1 2 - 7 3 1 | malignant
1065726 5 2 3 4 2 7 3 6 1 | malignant
1072179 10 7 7 3 8 5 7 4 3 | malignant
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Xl | X2 | X3 | X4 | X5 | X6 | X7 | X8 | X9 | X10 | X11 | X12 | X13 | Class
63 1 1 145 | 233 1 2 150 0 23 3 0 6 0
37 1 3 130 | 250 0 0 187 0 3.5 3 0 3 0
41 0 2 130 | 204 0 2 172 0 1.4 1 0 3 0
56 1 2 120 | 236 0 0 178 0 0.8 1 0 - 0
57 0 4 120 | 354 0 0 163 1 0.6 1 0 3 0
61 0 4 130 | 330 0 2 169 0 0 1 0 3 1
60 1 - 130 | 253 0 0 144 1 1.4 1 1 7 1
54 1 4 124 | 266 0 2 109 1 2.2 2 1 7 1
50 1 3 140 | 233 0 0 163 0 0.6 2 1 7 1
41 1 4 110 | 172 0 2 158 0 0 1 0 7 1
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“I/]q‘ﬂ]u1’71Elﬂ’JEJﬂHﬂﬁEJﬁ’E)‘]J“UNGUfNG]gWU@U”ﬁ Heart

Disease

Xl | X2 | X3 | X4 | X5 | X6 | X7 | X8 | X9 | X10 | X11 | X12 | X13 | Class
63 1 1 145 | 233 1 2 150 0 2.3 3 0 6 0
37 1 3 130 | 250 0 0 187 0 3.5 3 0 3 0
41 0 2 130 | 204 0 2 172 0 1.4 1 0 3 0
56 1 2 120 | 236 0 0 178 0 0.8 1 0 - 0
57 0 4 120 | 354 0 0 163 1 0.6 1 0 3 0
61 0 4 130 | 330 0 2 169 0 0 1 0 3 1
60 1 - 130 | 253 0 0 144 1 1.4 1 1 7 1
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Abstract

This paper presents flood forecasting model by using data mining
techniques of J48 decision tree RBF and MLP neural networks as a case
study of Hat Yai, Songkla Provice. The data set of flood forecasting
used for this study received from the three water stations of Ban
Muangkong, Ban Bangsala, and Ban Hat Yai Nai of Klong U-Tapao
basin under the 16" Irrigation Department in Songkla province. The
type of flood forecasting are flood, red flag, yellow flag and green flag.
The result of this study indicated that the pre-processing process prior
entering to the data mining techniques by replacing missing values of
J48 give highest accuracy value. Furthermore, J48 decision tree was

able to show the rule of water quantity of each water station that would
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affect to flooding occurrence. Then will be new knowledge for efficient

water management.

Keyword: Data Mining, Artificial Neural Networks, Decision Tree,

Flood Prediction.
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A Novel Discretization Technique
Using Class Attribute Interval Average

Abdulloh Baka

Artificial Intelligence Research LAB,
Department of Computer Science,
Prince of Songkla University,
Hat Yai, Songkhla, Thailand
loh.bungaraya@gmail.com

Abstract — Discretization algorithm is important for data
mining preprocessing because it will help the user to easily
understand the data, reduce the complexity of data, reduce
processing time, and increase efficiency and accuracy of the data.
This paper proposes the new discretization algorithm called Class
Attribute Interval Average (CAIA). The algorithm uses
2D-quanta matrix table to calculate each of class individual
interval’s average and merge the best adjacent intervals to form
the new interval. The experimental design uses four-UCI data
sets (Iris, Breast Cancer, Heart Diseases, Glass) and
four-classification algorithms (J48, RBF, MLP, NB). The
comparisons of experimental result with the other six
discretization algorithms (EW, EF, ChiMerge, IEM, CAIM,
CACC) show that the proposed CAIA has the best mean rank for
both of the accuracy and the number of intervals.

Keywords- Data Discretization; Data Mining; Classification

I.  INTRODUCTION

Data mining is the process of extracting the information
from data warehouse or database, which refers to data in the
past to predict the tendency and the action of data in the future
[1]. Machine learning algorithms such as decision tree, neural
networks, and naive bay are also used to find the rules or
pattern of data. Normally, data is divided into two types:
1) discrete data and 2) continuous data. Discrete data is a
qualitative data such as gender and education level while
continuous data is a quantitative data such as height and age.
Most real world application usually involves with continuous
data [3].

Data preprocessing is important for data mining because
the quality of data mining result is usually depended on the
quality of the data preprocessing. The data preprocessing steps
are data discretization, data transformation, and data reduction
[2]. Some data mining algorithms use only discrete data, so
that the process to change the continuous data into discrete
data is needed. This process is called discretization.
The advantages of discretization are 1) higher accuracy
2) faster execution time 3) easy to understand data, and
4) change continuous data into discrete data [2, 4, 5]. The
examples of discretization algorithms are Equal-Width (EW)
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[6] and Equal-Frequency (EF) [6], ChiMerge [7], Information
Entropy Maximization (IEM) [12], Class-Attribute
Interdependence  Maximization  (CAIM) [4] and
Class-Attribute Contingency Coefficient (CACC) [2].

The problem of discretization algorithm, such as EW and
EF, is that users need to specify the parameters for the stopping
criterion. Although these processes are fast and easy, it is
difficult to specify the suitable parameters for each given data
set [6]. This is the same as ChiMerge algorithm when users
have to specify level of significance for the stopping criterion
[7]. CAIM considers only the class with the most samples and
ignore all other target classes that will decrease the quality of
discretization in some cases [2]. However, CACC will spend
more time for calculation because the process is quite
complicate. The experimental results in [1, 3, 4, 11] show that
the number of intervals close to the number of classes can give
the high accuracy.

Section IT of this paper will mention about related work.
Section IIT is the proposed Class Attribute Interval Average
(CAITA) algorithm. Section IV is the experiment result. The
last section is the conclusions.

II.  RELATED WORK

This section has presented about theory and research in
term of discretization process. Since 1987, discretization
method has been divided into 3 methods of 1) binning
2) statistical, and 3) information entropy. Binning method is
the simplest method. User needs to specify the number of
bins. The examples of this binning method are EW and EF [6].
Statistical method is a process using statistic theory to find the
cutting point for splitting or merging of the intervals [10].
Information entropy method is a process that uses the entropy
value for evaluating the disorder of data. If the data has high
disorder, then the entropy value will be high. If the data has
low disorder (high regularity of data), then the entropy value
will be low. Therefore, the discretization process will use the
lowest entropy value to find the cutting point for splitting or
merging of the intervals [3].
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TABLE 1. REVIEWED OF DISCRETIZATION ALGORITHMS.

Characteristics

TR o
Year Algorithms Discretization Methods | = % E £ E = ‘g 9 | = &

2| 5| 2| 2|2 | 8|8 3|28

= & | = 5 < - 2| @ | 9| F

g z 5 ) =]

=)
1987 Equal-width [6] binning v x x v v % x v | v | x
1987 Equal-frequency [6] | binning v x x v v % x v | v | x
1992 ChiMerge [7] statistical x v x 4 v x % v | x| v
1993 IEM [12] information entropy x v x v x v x v | v | =
1995 Chi2 [8] statistical x v x v v x % v | x| v
1998 Multi-Bayesian [15] | information entropy x \4 v x x 4 v x | v | x
2004 CAIM [4] statistical % v x v v x x v | v | x
2003 F-CAIM [13] statistical x v x v v x % v | v | =
2006 FastICA [16] statistical x v v x x v % 2
2008 CACC [2] statistical x v x v v % % v | v | =
2009 SX-Mean [14] statistical x v x v v % % v | x| v
2010 EBDA [9] statistical x v x v v x % v | x| v
2011 NCL-CAIR [11] statistical x v x v v % % v | v | v
2013 CAIA [proposed] statistical x v x v v x % v | x| v

The review of discretization algorithms can be divided into
5 characteristics as follows: 1) unsupervised versus supervised,
2) multivariate versus univariate, 3) global versus local,
4) dynamic versus static, and 5) splitting versus merging as
shown in Table 1.

The explanations for the five characteristics are as follows.
1) Unsupervised learning does not need class for consideration
while supervised learning does need class for discretization.
Most discretization processes proposed in the literature are
supervised and can be applied over supervised data mining
problems. 2) Multivariate will consider more than one
attributes in the discretization process to select the cutting
point for splitting or for merging while univariate will proceed
only one attribute to select the cutting point for splitting or for
merging. 3) Global will use the total instances to generate in
the discretization process while local will use only some parts
of instances to generate in the discretization process.
4) Dynamic will do the discretization proceed at the same time
as the learning method in data mining while static will do the
discretization process before the learning method in data
mining. 5) Splitting is a top-down process. It begins with one
interval and continue selecting the new cutting point until the
stopping condition is met. On the other hand, merging is a
bottom-up process. It will identify the cutting point of all data
and continue selecting the new merging point until the
stopping condition is met.

From Table 1, the discretization methods using

information entropy are IEM [12] and Multi-Bayesian [15].
IEM [12] is the supervised, univariate, global, static, and
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merge characteristics. Multi-Bayesian [15] is supervised,
mutivariate, local, dynamic, and split characteristics. In 1987,
Wong and Chiu presented unsupervised discretization
algorithms Equal-Width (EW) [6] and Equal-Frequency (EF)
[6]. Both algorithms are binning method. EW used the same
size of range for discretization process. EF used the same
frequency for discretization process. User has to select the
parameter for a stopping criteria. Even though this process is a
fast and easy process, it is difficult to find the suitable
parameter for the data set. In 1992, Kerber presented
supervised discretization algorithm called ChiMerge [7] which
used x? statistic value to find the number of intervals for the
discretization process. The x? threshold value was used to
select to merge with the adjacent interval.

Most algorithms will be either splitting or merging
process, but NCL-CAIR [11] will use both splitting and
merging. For merging process in 1995, Liu and Setiono
proposed Chi2 [8] to solve the ChiMerge [7] problem where
user had to specify level of significance before discretization
process. Chi2 [8] will use data inconsistency to perform the
automatic stopping criteria. In 2010, Sang and et al. proposed
EBDA [9] which developed from Chi2 [8] for better merging
criteria. For splitting process, in 2004, Kurgan and Cios
proposed CAIM [4] which used interdependence maximization
criteria between class and attribute for splitting data. In 2008,
Tsai and et al. proposed CACC [2] which considered of every
instance that has been discretized to find the interdependence
maximization value between class and attribute to find the best
cutting point for discretization process.
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III.  CLASS ATTRIBUTE INTERVAL AVERAGE ALGORITHM

Class Attribute Intervals Average (CAIA) is the new
proposed discretization algorithm. The CAIA is divided into 2
main steps as shown in Fig. 1. The first step is to create a
2D-quanta matrix. The second step is to merge the intervals.

Given: Data set where M is the total number of
instances, s is the total number of classes, and x is the
total number of attributes

Stepl . Create 2D-quanta matrix

1. For p =1 to x (each continuous attribute A)
1.2 Let d; = minimum value of A,
1.3 Let d, = maximum value of A,
1.4 Sort all distinct values of A, in ascending

order.
1.5 Merge all adjacent intervals that belongs

to the same class.
1.6 Forr =1ton
1.7 //Calculate midpoint of each adjacent intervals

B, = (Bmax, + Bmin,,;)/2

1.8  Output is the 2D-quanta matrix,

discretization scheme D for attribute A,,.

// n is the number of intervals

Step2 . Merge using Class Attribute Interval
Average Algorithm
2.1 Forr=1ton //n isthetotal number of

intervals

2.2 Fori=1tos
2.3 // Calculate Class Attribute Interval

CAL, = Xiy (qirz/MH) * (M)
2.4 If (n>s) then
2.5 CAl;, = CAL,, minimum value
2.6 candidate merge CAly;, With CAljeg of min»
2.7 CAlAp; = ¥"_,CAl,,/n
2.8 candidate merge CAlpinWith CAl igh¢ of min>
2.9 CAlArigh: = X0 CAL,,/n
2.10 If (CAlAjer > CAIAign)

2.11 then CAIA = CAlAjg

2.12 else CAIA = CAIAgn

2.13 n=n-1

2.14 Output discretization scheme D' for attribute A,,.

Fig. 1. Class Attribute Intervals Average Algorithm.

Step 1 is to create a 2D-quanta matrix values.
By explaining how the algorithm works, Fig. 2 will show the
example of age attribute with the number of instances M is 30,
the number of classes s is 3 (Care, Edu and Work), and the
number of attributes x is 1.
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TABLE 2. 2D-QUANTA MATRIX OF ATTRIBUTE AP'

Interval
Sum
Class ! e r e n of
[dods] (dr-1,d] (dp-y,dy] | class
G d11 dir d1n M,
Cl i1 ir Qin M1+
Cs qsl qsr qsn Ms+
Sum of
interval Mss M. Min M
CAL,, CAlL;; CAL,, CAL, CATA

Step 1.1 The attribute A, is age.

Step 1.2 and 1.3 Get the minimum valued; = 1 and the
maximum value d,, = 35.

Step 1.4 Sort the age value in ascending order as shown in
Fig. 2.

Step 1.5 Merge all adjacent pairs in the set that belongs to
the same class, the result of merge example from Fig. 2 of
interval number 1 is [1-3], interval number 2 is [4-7], and so
on.

Step 1.6 to 1.7 of all n intervals, calculate the midpoint of
each adjacent interval using (1).

B, = (Bmax, + Bmin,,;)/2 (N

Let B, be the value of interval r when Bmax,. is the upper
bound of interval r, and Bmin,,, is the lower bound of interval
r+1. The example from Fig. 2, at the first interval where
r=1,Bmax,; =3, Bmin, =4, and the midpoint B, =(3+4)/2 =
3.5.

Step 1.8 shows the result from Step 1. Table 2 displays the
2D-quanta matrix and discretization scheme D for attribute A,
where s is the number of classes

n is the number of intervals

M is the number instances

gir 1s the number of instances at class i and
interval (d,_;d,],i=1tos and r =1 to n.

M;, is the total number of instances of class i for
all intervals n.

My = Xro1 Qir 2

M,, is the total number of instances of individual
interval (d,_, d;] for all classes s.

Ziszl ir (3)

Table 3 shows the result of Fig. 2 with example of attribute
age after Step 1 of creating 2D-quanta matrix of attribute age
with 9 intervals and 3 classes.

M+r =

The second step is the process to merge the intervals using
class attribute interval average algorithm.

Step 2.1 is to assign the number of intervals.

Step 2.2 and 2.3 are to calculate CAL, . of each interval of
all classes s using (4).

CAL, = Tzt (/M) * (My) @)
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Step 1.2-1.3  Step 1.4 Step 1.5 Step 1.6-1.7
age class
do=1+ 1 care | )
1 care
2 care
2 care > Interval 1 = [1 —3]
2 care
2 care
2 care
J
3 care P Midpoint 3+4/2=3.5
4 Edu
4 Edu
5 Edu Interval 2= [4 — 7]
7 Edu
7| Bdu » Midpoint 7+9/2-8
9 care } Interval 3= [9]
» Midpoint 9+10/2=9.5
10 Edu
11 Edu Interval 4= [10 — 11]
11| Bdu P Midpoint 11+12/2=11.5
12 work |} Interval 5= [12]
——» Midpoint 12+15/2=13.5
15 Edu |
16 Edu
1
6 Edu > Interval 6 = [15 — 22]
19 Edu
22 | Bdu |7 »  Midpoint 22+25/2=23.5
N
25 work
27 work > Interval 7= [25 — 28]
28 work
28 | work |2 p  Midpoint 28+31/2=29.5
Interval 8 = [31]
31 Ed }
S P Midpoint 31+33/2=32
k
33 Worl } Interval 9= [33 — 35]
dn =354 35 | work
Where s=3,M=30,n=9

Fig. 2. Example of attribute age with 30 instances and 3 classes.

CAI,, value is the data distribution representative of interval r.
The CAL,, is q;-? divided by M;, multiple by M, . Ifthe value
of data distribution of interval r is low value (value of CAIL, .
is low) which means that the interval is independent with the
class. In this case, the merge of this interval will have less
influence to the overall output intervals. But if the value of
data distribution of interval r is high (value of CAI, is high),
this means that interval is dependent with the class.
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TABLE 3. EXAMPLE OF 2D-QUANTA MATRIX FOR AGE ATTRIBUTE.

Interval
1 2 3 4 5 6 7 8 9 Sum
Class (. of
[71 (37,5 (fz (97,5 5 (l?,s (2?,5 (2?,5 (3,2 class
3.5] 8] 9.5] 11.5] 13.5 235] 29.5] 32] 35]
1
Care 8 0 | 0 0 0 0 0 0 9
Edu 0 5 0 3 0 5 0 | 0 14
Work 0 0 0 0 1 0 4 0 2 7
Sum of
ol 8 | 5 1 3 1| s | 4 1 2 30
CAL,, 568 | 892 | o011 1.92 014 | 892 | 914 | 0.07 114 Cg’\.;;};

TABLE 4. THE OUTPUT DISCRETIZATION SCHEME D' OF AGE ATTRIBUTE.

Interval
Class Sum of class
[1-3.5] (3.5-23.5] (23.5-32]
Care 8 | 0 9
Edu 0 13 1 14
Work 0 | 6 7
Sum of interval 8 15 7 30
CAlL,, 56.889 184.881 36.500 CAIA =92.7566138

Step 2.4 is the condition for stopping criteria. The
algorithm will merge until the number of intervals is equal to
the number of classes to ensure that the proposed algorithm
will have the smallest number of intervals (equal to the number
of classes).

Table 3 shows the calculation of CAI, . for each interval r.
The CAL,, for interval 1 has the highest value of 56.889. The
CAl, 4 of interval 8 has the lowest value of 0.071. This interval
will be assigned to CAl,;, in Step 2.5.

Step 2.6 to 2.9 Candidate merge with adjacent interval on
both left side and right side of interval CAl,;,. The calculation
for CAIAjee and CAIA g, are using (5).

CAIA = ¥, CAlL,,/n (5)

The CAIA is the value of class attribute interval average.
CAIA value means the average value of data distribution for
all intervals. If CAIA value is high, this means that the
interval has good data distribution. Then the algorithm should
select the highest value of CAIA. From Step 2.5, the CAl;,
is at interval number 8. Then the candidate merge left is
interval 7 merged with interval 8. The CAIA is 11.232.
The candidate merge right is interval 8 merged with interval 9.

The CAIA,g, is 11.00.

Step 2.10 to 2.12 is to select the new CAIA with the
highest value from CAIAjr or CAIA gy

Step 2.13 is to reduce the number of merge intervals by

one.
Step 2.14 is the output discretization scheme D' for

attribute Ap. Table 4 shows the result of discretization scheme
D' from Fig. 2. for age attribute with three intervals (the same
number of classes).
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IV. EXPERIMENTAL RESULTS

The experimental design using four-benchmark UCI data
sets [17]. The format of each data set (the number of
instances, the number of attributes, and the number of classes)
are as follows. Iris format is (150, 4, 3). Breast cancer format
is (699, 10, 2). Heart disease format is (303, 13, 5). And glass
format is (214, 9, 6). The proposed CAIA algorithm is
compared with other six discretization algorithms that are
Equal-Width (EW) [6], Equal Frequency (EF) [6], ChiMerge
[7], Information Entropy Maximization (IEM) [12], Class-
Attribute Interdependence Maximization (CAIM) [4], and
Class-Attribute  Contingency Coefficient (CACC) [2].
Four-data mining algorithms of 1) Decision Tree (J48),
2) Radial Basis Function (RBF), 3) Multilayer Perceptron
(MLP), and 4) Naive Bays (NB) are used to evaluate the
performance of the discretization algorithm. The experiment is
run by WEKA [18] with 10 fold cross validation.

Table 5(A) - 5(D) show comparison for the proposed CAIA
algorithm with the other six discretization algorithms. The
CAIA received the best accuracy mean rank for all data mining
of J48, RBF, MLP, and NB with all four-data sets. The
accuracy mean ranks are equal to 1.00 for J48 and RBF. The
accuracy mean rank is equal to 1.25 for MLP. And the
accuracy mean rank is equal to 2.25 for NB. Table 5(A) shows
the achievement of J48 for the highest accuracies. CAIA
received the highest accuracies for iris, breast cancer, heart
disease, and glass at 98.67%, 96.57%, 90.09%, and 91.55%,
respectively. Table 5(B) shows the comparison of accuracies
achieved by RBF. CAIA received the highest accuracies at
98.67%, 95.99%, 82.50%, and 69.63%, respectively. Table
5(C) shows the comparison of accuracies achieved by MLP.
CAIA received the highest accuracies at 98.00% for iris,
95.42% for breast cancer, and 87.45% for glass. Table 5(D)
shows the comparison of accuracies achieved by NB. CAIA
received the highest accuracy at 98.00% for breast cancer, and
80.85% for heart disease.

Table 6 shows the purposed CAIA and CAIM [4] with the
best number of interval mean ranks at 1.75. This means that
the number of intervals is small which will be good for the
discretization algorithm. Because it will help the user to easily
understand the data.

TABLE 5(A). THE COMPARISON OF J48 ACCURACY MEAN RANK.

TABLE 5(B). THE COMPARISON OF RBF ACCURACY MEAN RANK.

Accuracy of each data set A

Methods ceuracy
Tris Breast Heart Glass Mean Ranks
cancer disease
EW [6] 93.33 95.00 57.76 65.42 2.75
EF [6] 92.00 95.00 54.13 63.08 425
ChiMerge [7] 89.76 92.00 54.87 62 5.50
TIEM [13] 94.00 80.98 58.09 65.7 3.25
CAIM [4] 92.67 93.42 50.49 59.81 5.50
CACC 2] 92.27 94.85 51.49 56.54 5.50
CAIA 98.67 | 9599 8250 | 69.63 1.00
(proposed)

TABEL 5(C). THE COMPARISON OF MLP ACCURACY MEAN RANK.

Accuracy of each data set A

Methods ceuracy
Tris Breast Heart Glass Mean Ranks
cancer disease
EW [6] 92.67 94.57 70.59 64.42 4.00
EF [6] 91.33 94.71 52.15 63.55 5.25
ChiMerge [7] 93.37 92.89 54.43 63.79 475
TIEM [13] 93.33 74.69 55.45 66.17 4.50
CAIM [4] 94.67 93.56 46.85 69.16 3.75
CACC 2] 93.97 95.14 47.85 55.61 4.50
CAIA 98.00 | 95.42 8745 | 68.95 125
(proposed)

TABLE 5(D). THE COMPARISON OF NB ACCURACY MEAN RANK.

Accuracy of each data set

Methods Iris Breast Heart Glass Mtzf‘u];zcn};“
cancer disease
EW [6] 9333 | 97.28 5776 | 63.55 3.75
EF [6] 9267 | 96.28 5875 | 69.16 3.75
ChiMerge [7] | 93.78 | 91.88 5986 | 5423 475
IEM [13] 9400 | 81.68 5974 | 6430 3.50
CAIM [4] 9400 | 93.99 5246 | 62.15 450
CACC [2] 9334 | 9528 5446 | 5935 525
g)’::gose o 98.00 | 96.57 80.85 61.22 225

TABLE 6. THE COMPARISON OF THE NUMBER OF INTERVAL MEAN RANK.

Accuracy of each data set Accuracy Method Interval of each data set Number of
Methods ethods Interval Mean
Tris Breast Heart Glass Mean Ranks Tris Breast Heart Glass Ranks
cancer disease cancer disease
EW [6] 94.70 91.30 70.30 86.10 5.50 EW [6] 4.00 14.00 10.00 8.00 5.75
EF [6] 94.00 90.80 72.60 87.00 5.50 EF [6] 4.00 14.00 10.00 8.00 5.75
ChiMerge [7] 90.70 93.00 76.50 88.50 5.25 ChiMerge [7] 3.50 4.60 7.80 5.30 4.25
1IEM [13] 94.00 93.60 75.20 89.60 4.00 1IEM [13] 3.00 2.40 4.00 2.70 2.25
CAIM [4] 94.00 93.80 77.10 90.60 3.00 CAIM [4] 3.00 2.00 2.00 6.00 1.75
CACC 2] 93.50 94.10 78.60 90.90 3.00 CACC 2] 3.00 2.00 6.40 14.60 3.50
CAIA 98.67 96.57 90.09 | 91.55 1.00 CAIA 3.00 180 | 3.69 | 6.00 175
(proposed) (proposed)
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V. CONCLUTION

There are two criteria to evaluate the performance of the
good discretization algorithm. The first criterion is the high
accuracy value. The second criterion is the small number of
intervals. This paper proposed a new discretization algorithm
by using supervised learning, univariate, global, static, and
merge method. The Class Attribute Interval Average (CAIA)
algorithm will have the smallest number of intervals. Since the
stopping criteria for the algorithm is that the number of
intervals always equal to the number of classes for all
attributes.

The experimental results from four-data mining supervised
learning algorithm, J48 decision tree, RBF and MLP neural
networks, and NB, show that the proposed CAIA is out
performed the six previous discretization algorithms with the
best accuracy mean rank and the best number of interval mean
rank. For the highest accuracy, the user will receive the best
data mining model. And for the smallest number of intervals,
the user will easily understand data.
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