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DATA MINING/CLASSIFICATION/RARE CLASS/OVER-SAMPLING

Rare class discovery is one of interesting data mining tasks that can support
manufacturing industries by discovering process patterns that can lead to fault
products. Faulty process is rarely occurred; it is thus called rare class. The benefit of
rare class discovery is the knowledge regarding to the improvement of process or the
tool maintenance policy. Rare class discovery is however a difficult task because its
rarely occurrences are always dominant by the much larger group of frequently
occurred events.

This research therefore proposes techniques to solve the rare class discovery
problem. Our main techniques are feature selection with the correlation analysis and
then the increase of minority class, which is rare event, with the over-sampling

method. With the proposed techniques, patterns of rare class can finally be discovered.
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d' [ = o a 9 o @ A 9
LEAINAINYINUTIAZIDIALAZAIDTUIENTS IFNUMFIDNAIY (Help)



£ Rstudio (=]
File Edit Code View Project Workspace Plots Tools Help

Q-2 & Project: (None) +
Console R

)| Workspace History

, “Aload~ [ Saver | #ImportDataset~ 3 Clear All S
R version 2.15.1 (2012-06-22) -- "Roasted Marshmallows"
copyright (C) 2012 The R Foundation for statistical computing Values
ISBN 3-900051-07-0 X "Hello worl1d"
Platform: 1386-pc-mingw32/i386 (32-bit) v

Tist[2]

R is free software and comes with ABSOLUTELY NO WARRANTY.
You are welcome to redistribute it under certain conditions.
Type ‘license()' or 'Tlicence()' for distribution details.

Natural language support but running in an English locale
R is a collaborative project with many contributors.

Type 'contributors()’ for more information and
"citation()' on how to cite R or R packages in publications.

. . . " : Files Plots Packages Help
Type 'demo()’ for some demos, 'help()' for on-Tine help, or ) . - S
"help.start()’ for an HTML browser interface to help. @) New Folder @ | Delete | ."Rename | G More~ \}
Type 'q()" to quit R. ] 4 Home R -
[workspace loaded from ~/R/.RData] s £iName Size Modified
> [ @) Roata 124bytes  Nov1l, 2012, 3:46 PM

B & ‘Rhistory 478 bytes Nov11, 2012, 3:46 PM

[ & win-library

g1 2.3 naasdruilsgneundnveslilsunsueniagale

a9

242 MFINUSIHAHSUNBINS
9

o A

o o @ 4 9 Yy 9 = .
ﬂ’lﬁ\‘iwuﬂ’lua’]ﬁiUﬂTﬂ’]ﬂ’]iﬂﬂﬁi’Nlla35’3U533Jh13l!a31uula‘Ui'li (Library)

U

'
a (2

' Y
T l¥annsafiuimdsasldludiui 1 veelilsunsueriagale (Console) Tagluwadoll

o [

o o & Ao o 9 9 [ ao dy v g A o o I
%mmuamﬁwm!,ﬂummumﬂwmmm‘ummﬂﬂummu IHUBDNINAITIVDINTIHIDITU

A

o 2 "o Y <3 Y
ﬂ’IU'JuaJ’]ﬂ(’Uu@QﬂUﬂ’]ila@ﬂslclﬂ’]ulw‘lﬂlﬂﬂﬂjﬂ

mauneInUNiam
o & a & ] @ ' Yo & A a & <3 9
1. ANIAAAIULNALND 95]'JfJfJ'Nﬂ'lﬁﬁlGD'ﬂ'lﬁ\‘]LWfJﬁﬂﬁ\‘]!LWﬂlﬂﬂ party ﬁ']ll']'iflslslf
] 4
e laaail “install.packages(“party”)”
o a a & < o 1 o o 4 a a & <]
2. NEAWWNANNITAAAILNALNY @l')f)ﬂ'l\‘]ﬂ'lﬁﬁl%}ﬂ'lﬁ\‘llﬁﬂﬂﬂlaﬂﬂ']'WIQGNLLWﬂm%
Yo o Y v dy
party a13159 JFAe EEND “remove.packages(“party”)”
o & A qu o A Yo a ¥ a ¥ Y o Yo & A
3. ‘ﬂ"lﬁ\HW’E)GLG]N"IuLLWﬂLﬂ%VlulﬂVl'lﬂ'ﬁﬁﬂ@'NﬁfJ‘Uﬁ'E)fJLLa'J ?I'Ji’)ﬂ'l\‘]ﬂ'ﬁﬁl%ﬂ'lﬁ\uwa

< o 1% 4 .
TN party eusolgmaa laaail “library(“party”)”
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mduneInumM a3 atoyariinmi g
y &\

1. Mdsaddoyariianmaes (Vector) msaidoyasiiannmosiudoya

U

v (Y (2 1

A 4 9 I 9 a ~ 1Y) 1 9 @ 9 9
magmﬂunmmmzmmﬂumﬂm%uﬂmmﬂu LU VOYAAUAY VDYAAIDNHYT G]'J’E]EJNﬂﬁGLGH

U
' '
o I A a

o A Yy 9 A A Yo o Yo & Yo
ﬂ1ﬁ\1le’Jﬁ§1\1ﬂl@Hﬁ‘]fuﬂl')ﬂm@ﬁ‘ﬂllﬁiﬂ‘]fﬂ 3A1AD 1,2, 3 G!‘Viﬂﬁ@]:]l,!fﬂi X f‘ﬁlﬂiﬂiﬂfﬂTﬁ\illﬂﬂﬂ

A = A oA o & o &
EII‘V] 2.4 IﬂﬂNWﬂaW‘ﬁlﬂu!%u!ﬂﬂfJﬂucﬂﬂ 3 A8

Console

> x = c(1,2,3)
= X

11123

=% <— c(1:3)

L

[111232

= ¥ =- 1:3

= X
11123

(% ]

A Yy v a o
31]‘1/] 2.4 L!ﬁ@\?ﬁﬂﬂﬂ'l\'lﬂ'lﬁﬁﬁ'l\ﬁl@iallﬁﬁlfuﬂlﬁﬂm@i

'
o o

A a . a JdY 1o d& £y < 9
2. Mdad ndoyariaaaa (Lis) Iasdoyaludad lusuiudeuiudoya

a A @ @ 1 Yo & A 9 9 A a  Ja a < J
FUHARYINU m’EJEJNm'icl%mmm@ﬁiwﬂlayja%uﬂaﬁmmﬁm%ﬂmﬂmﬂumﬂmai 1,2,3 a2

=

RS “a”, “b”, “c” Wnudmls x anwnsaldmdaaldaasali 2.5

QU

Console kS p:
> Mo 1ist:C(l:gj,cinau,nbu,ncu})

= X
[[1]1]
11123

[[2]1]
[1] "a" "b" "c"

> |

A @ I Y 9 a A 4
g'ﬂ‘ﬂ 2.5 HEANAIDINNITAITWNUDYATUADTN

o v Y 9

9
3. Mdeastoyartina1d sy (Data Frame) Tagdoyasiamdusuiiuoy
9

9 9 Aa A d A =~ o 1 1 1% Y =\ ~ [ Y
ARYUBYATUAATAUNYILANVINIHUAIIUAASADANUADINAITNY (Length) NMNINU

9 a @

@ ' Yo & A 9 E) A v o dA Y
ﬂ')fJEJ"Nﬂ”liiﬂf‘ﬂ”lﬁ\?LWfJﬁiWQmﬂyjﬁ%uﬂﬂWﬂuWiN‘V]ﬂﬁ$ﬂ'f)llﬂ')ﬂ 2 ADAUUAD allag b Glﬁﬂ‘ﬂ@')

=

uils x ensolemaaldassia 2.6

U
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Console
= ¥ <- data.frame(a=c(1:5),b=c(11:15))

A

% I S VR Nl TR
=
Fud

Wown b ol B

U

510 2.6 uaasiredamsadedoyariaadulsy

=

v v 4 o |l v
NIIVIDIVDH AN YA U HIVOIUDIA

=2 9

)] o W ¥ o ' v Ay P g
ﬂ'lﬁlell'lﬂﬂ"ll'ﬂﬂal]ﬁ‘vnulﬂI@Uﬂ'lﬁﬁgﬂﬁ"lllfﬂuﬂellﬂ\‘l"ll't’)llﬁ'ﬂ@]@\?ﬂ'li Iﬂﬂsll'fliqllﬁ‘ﬂﬂ 3

Q U

a Y 2 9 Y o ' ) o A
G]fuﬂ’ﬁ’lll’liﬂm’lﬂﬁﬂl@uﬁﬂ?EIGI'ILLWuQGUfNGU’f]iq]j'ﬁ@ﬁu

9 a J 9 o "9 Y o '
L. YBYaTUALINIADT (Vector) f:mm'mm150mgmuwagamﬂmﬁwmgmm
Ay A = A dy 1 v o A Y o ] 9
T]G]E)Qﬂ'l‘iclulﬂi’é)\‘iﬂlﬂﬂ “[” Gﬁﬂlﬂiﬂﬂﬂﬂ1ﬂu%$ﬂgﬁa\‘m3!Lﬂiﬂ@]ﬂﬂﬂ1ii$ﬁﬁ1llﬁuiﬂlE]\iﬁlJ’fJqu'ﬁ
v 1w A < Y = 9 o A 2 9 o o @ o A
G]’)@EI'N@NE‘]J“I/] 2.7 LﬂuﬂWiHﬂﬂﬁﬂl@HﬁGl’]ﬂ 4 Glul,’lﬂmf)i Tﬂ&Jﬁuaylammﬂi}gumﬂumgmum

P
U

Console
> X <- c{5:14)

- %
[1] 5 6 7 & 910 11 12 13 14
= % [4]
[1] 8

A o ' Y = 9 A sY o 1 )
Eﬂ‘ﬂ 2.7 llﬁﬂ\jﬁjaﬂ’]\iﬂ’]iﬂnfl@"l]f]yja%u@l’)ﬂlﬁ@iﬂ’]ﬂ@]nlﬁu\isu’ﬂqsua%!a

) 2 o v 9 9

A A 4 o ] H
2. UBYarUATA (List) ﬁWiﬂiﬂLsﬁlWﬂQ@]HLﬂu\‘]ﬂJfJiJaﬂ'JfJﬂTiﬁ%U WHUIN

U q

) A & A 2 Vo ow A9 o ' )
ABINT 1A DINNY “I11” °1NLﬂ'ifN?iiJ1ﬂuﬂ$ﬂ§jﬁﬁﬁﬂﬁllﬂﬁﬂ@@\‘lﬂ1ﬁ33‘]11]@1!,!,‘1’?1!\1511@\1611@34@1

A 9 A 9 9 A @ a Jd o ] % A
wsod s lwasoering “$” LM uAerovesn s luaas G]'J’f)fJNﬂ\‘lg‘]_hfl 2.8
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U

Y A Ay A A Y
@@Qﬂ’liiu!ﬂi@ﬂﬁn'lﬂ “la,b]” Tﬂﬂ a CUNUUDINADINITLADNLAS b ADADAY

Console
> X =- list({a=c(5:15),b=c(25:35))
4
fa

[1] 5 &6 7 & 91011 12 13 14 15
$b

[1] 25 26 27 28 29 30 31 32 33 34 35
= x[[1]]

[1] 5 & 7 8 910 11 12 13 14 15
= x%a

[1] 5 & 7 & 910 11 12 13 14 15
= x%al4]

[1] 8
=

12

@ [} Y KX Y a A J Y o ] 9 A d’ % a o
.8 uﬁmmamqmsmmmay’a%uﬂafmmsm1Lmuwawagamaﬂmmuﬂﬂuaﬁm

) a 9 Y =R 9 v o A
3. maga%u@mmgmn (Data Frame) ffﬂlﬂif]l,"lJ1ﬂﬁmﬂyjﬁﬂ3€]ﬂ’lii$ﬂﬁ1llﬁuﬂﬂ

I 9 A

UNABDINITLABDN

A Y A v Y A v NI 1 v @ 1w ~
mammﬂ%m‘iawma “$” LLﬁﬂ@Wﬂ@ﬁﬂ%@ﬂ@ﬁNuﬂklﬂL"]ﬁuﬂu GI’J’E]EJN@\?Q“]JT] 2.9

3

i1

A
il

Console atalv

> ¥ =- data.frame(a=c(5:10),b=c(25:30),c=c(13:18))
= X

a b c
5 25 13
6 26 14
7 27 15
& 28 16
Q 29 17
0 30 18
[

= x[,2]

[1] 25 26 27 28 29 30
= X%

[1] 13 14 15 16 17 18
> x$c[4]

[1] 16

> |

o ' =3 a 9 Y o ' P A A o
2.9 LLﬁﬂ\?ﬂ'J@fJNﬂ?iﬂﬂﬂ\ﬂl@i&ﬁ%ﬂﬂQW]1L°V\|'§3Jﬂ’JﬂﬁHlﬁux‘l‘ll@\‘]el]@y]aﬁi@‘]f@ﬂ@ﬁuu
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2.5 YoyanAainf (Outlier)

v
9 awv A

vq ¥ o Aa
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910310 2.11 Nuaaedl10619015M1A1A N FURUTI2HI9T0 Az HUUI A
T a0

a 4 v 9 a ara < Y v o &
AUAFIANT (x) ﬂumagaﬂmummv!ﬁﬂﬁ ) ﬁ'nﬂiﬂﬁjﬂ‘lﬂ MUATANUTUNUD UUUUIN B

9 1

Y v v v fR A & o~ d v o oA Y I
ﬁ"lll"liﬂﬁjﬂ“1ﬂi]”lﬂﬂ”lﬁ1fiﬁ3JW11l‘ﬁG]f\13Jﬂ1 0.851 FIUA N ULIN ﬂ?ﬁWﬂﬂ"lﬁ”lfiﬁiJWH‘ﬁTlWﬂmﬂu

avvzianuduusUUaY

X=X =y X=X\ (=¥
Data X v S J'5 : ( s )(y-g y)
MName |score Math(x)|scare Physic (y} a x L T
udent A o = 70 75 -0.21 0.17 -0.04
73 60 0.07 -0.84 -0.05
student B 73 60
85 86 116 0.91 1.06
student D 35 36
Por— = = 74 68 0.16 -0.30 -0.05
stucen 50 a8 204 | 164 3.34
student F 50 a8 7 20 0.25 051 0.13
student G 7 80 79 90 0.61 118 0.72
student H 73 30 7 72.29 s, 10.9501 sum=5.11
7 72.43 s, 14.87568

r= (7711) (5.11) = r=0.851

{ o J

31N 2.1 HAAIBIRMIHIAMANAURUS

2.7 ] i;j WY (Over-Sampling)

4
A o

a o an 1 a Y o A o A YA o A

Gluﬂuﬁilﬂ u'ljﬁﬂ']iqulﬂuu'lql,%ﬂﬂﬂ']ﬁlWﬂJﬁ]']U'JUﬂa']ﬁLW’ﬂslﬂﬂJfﬂ'IU'JUﬂﬁ']ﬁ‘ﬂ

Glald ] deyyi%d 1 A "W . = I A 9 A A
NAMSINU G]NGluﬁmﬁi]EJuhlﬂ Glfjﬁﬂ']ﬁqulﬂullﬂlllﬂ']@j (Duphcate) G])'\ﬁ]giﬂUﬂ'ﬁLWiJ"UﬂHﬂﬂiJ

=

Tunmatiesnding ilsvesnananiinniga Alegruuiliveyadiaisiei 2.3 iiaaa u
° = o < 9 o 2 o Yq _ Y
I 5 4D uazlAad s 914U 2 1023930 TINNTIUIUATT s TH InaiRganata u

TagmsnuAaIe s 31U 4 UDIAIAI5197 2.4
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A1390 2.3 uAATeYyAR 108 19ROUM T FUIRY

a b c d Class
1 4 10 35 s
2 5 11 22 u
8 7 12 21 u
1 6 22 23 u
1 4 10 25 u
7 8 12 24 u
1 13 12 13 s

{ 9 o ' 1% 1 a
an!"]\ﬁ?l 2.4 llaﬂ\ieu@aa!a@]']@ﬂ'mwaQﬂ']if:flllﬂu

a b c d Class
1 4 10 35 s
1 4 10 35 s
2 5 11 22 u
8 7 12 21 u
1 6 22 23 u
1 4 10 25 u
7 8 12 24 u
1 13 12 13 s
1 13 12 13 s

28 Tassadndulfivuuiitenly (Conditional Tree)

y ¥ i a & o
Tassadnau hiuvuiitou lviudumsadraTueanndeyaniviadoyaiudiay

U

. o 9 g Y a Y o v
(Numerical) IﬂfJﬂﬁ'1!1Lﬂ1ﬁ3J183J11/]\1ﬁ3Jﬂ3J1ﬁ31\1!,‘]_Iuﬁmy@§1u UAININIINATDUAIYNTITHN

[l v 9
1 p-value TagNdnauyaguiasannsnseniy lavzhinisnganisnaaouaea1 p-value

Ed ' H
wasniuhdeyaiiumsnadouaIea p-value NATosRgau1iimsutsoyanuyly

G
[

A A X 9 [ a KR [ =
HITNI “]N’dﬁﬂiﬂ@‘l’lﬂmﬂ’ﬁ]ﬁﬂﬂﬁﬂhﬂﬁﬂﬂ 2.12

RY
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Stop criterion

o Test global null hypothesis Hy of independence between Y and
all X; with .
Ho = N, Hy and Hg : D(Y|X;) = D(Y)
o If Hp not rejected = Stop
Select variable X;, with strongest association
Search best split point for X, and partitionate data

Repeat steps 1.), 2.) and 3.) for both of the new partitions

517 2.12 danesivues Iaseadedu iuouiiteu lv (Molnar, 2012)

9
Y

P ~ ¥ Yy v ) A v A &
Tumwiosiuainsaisenldlaseadedu liuuuitou lu'ldanmsaaauiama
9 J o 1 J v Y] ¢ {
Party ttaz1aon 13WanFu ctree() TaolidiudsenouvoalanFuasil ctree(A, B) Tagh A azumu
v = o @Y v A Y = Y o g
Ae31uuDNIzYARENUIT I HUIBHAZANAIIATOIHNIY “~ LAIDINNAIBADANUN 1F11N15

) 'y Y Y] o ¥ vy A
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o ) Y o 7 . ¥ ¥ v
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o A . ! S ) ) o vy ) 9
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9 Q/Wdy

.. 9 o . ..
PYAUDYA iris GlumiﬁiNImﬂammiﬂﬁﬂﬂmﬁﬂﬂmu ctree(Species ~. , data=iris)

Aav A Y o 9 9 Ay Y < o a A
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Specify Dataset by User

Prepare Train and Test Data

Find All Outliers in Each Column

User Select Features by Correlation Analysis

Increase Rare Class Objects with Over-Sampling

Generate Model with Ctree and Test Model
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( Start )

Read Data and threshold Cor

Replace Missing Data

Split Data 70:30

Train Data (70%) Test Data (30%)
Find Outliers
Select Features
Over-Sampling
\ y
Generate Model > Test Model

( Stop )

Y
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( Start )

Set C = number of column (except class)

J =0
(\
_J/
J=J+1
Find Median value in each column Yes

Replace missing value with Median

I<C

No

3

3

=
N

v
3.3 Flow Chart LHFAIVUABDUNITNINIUVBINTEUIUNIT Replace Missing Data
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Process Replace Missing Data

//Input : Data with missing values.

//Output : Filled Data.

(1) C = count_column(Data)

2) for(J=1; J<=C; J++){

3) median = find_median_in_column_J(Data)
4) for each value v € value in column J {

%) if (v =N/A or NaN or Null){

(6) v =median

(7) }

®) §

©) H

(10)  return Data

319 3.4 N321UIUNT Replace Missing Data
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Row a b c d Class
1 1 4 10 35 s
2 2 5 11 22 u
3 8 7 12 21 u
4 1 6 22 23 u
5 1 4 10 25 u
6 7 8 24 u
7 1 5 12 23 u
8 0 6 24 24 u
9 8 13 26 u
10 1 13 12 13 S
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Row a b © d Class
1 1 4 10 35 s
2 2 5 11 22 u
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8 0 6 24 24 u
9 1 8 13 26 u
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Set C = number of column (except class)

J=0,K=0

%

J=J+1

Find quartile q1, q3, R =q3-q1

%

K =K+I

\

Set T = number of transactions

V =value K in column J

V >q3+R*1.5 or

V <ql-R*1.5

Yes

Outlier = Outlier union K

K<T

No

Yes

No
( Stop ) I<C

Yes

i Y
gﬂﬂ 3.5 Flow Chart L@A9UUABDUNITNINIUYDINTLVIUMT Find Outliers
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Process Find Outliers

//Input : Train Data.

//Output : Outlier.

(1) C = count_column(Data)

2) for(J=1; J<=C; J++){

3) ql = fine_quartilel in_column_J(Train Data)

@ q3 = fine_quartile3_in_column_J(Train Data)

) R=q3-ql

(6) for each value v € value in column J {

@) if (v <ql-R*1.5 or v > q3+R*1.5){

(8) Outlier = Outlier union instance(v)
©) }

(10) }

a3

(12)  return Outlier

319 3.6 N52VIUNII Find Outliers
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Row a b c d Class
1 1 4 10 35 S
2 2 5 11 22 u
3 8 7 12 21 u
4 1 6 22 23 u
5 1 4 10 25 u
6 7 8 12 24 u
7 1 5 12 23 u
8 0 6 24 24 u
9 1 8 13 26 u
10 1 13 12 13 s
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Row a b c d Class
1 1 4 10 35 s
3 8 7 12 21 u
4 1 6 22 23 u
6 7 8 12 24 u
8 0 6 24 24 u
10 1 13 12 13 s
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( Start )

Set C = number of columns

J=0

J=J+1

Find correlation R

No R >= Cor
Yes
4
Index1 = Index1 union J Index2 = Index2 union J
4
> J<cC
No

Index = Index1 union head(Index?2)

( Stop )

Yes

v
gﬂ‘ﬁ 3.7 Flow Chart L@A9UUADUNITNINIUYBINTLUIUAT Select Features
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Process Select Features

//Input : Train Data, Cor.

//Output : Train Data.

(1) C = count_column(Train Data)

2) for(J=1; J<=C; J++){

3) R = find correlation_in_column_J(Train Data)
%) if (R >= Cor){

(6) Index2 = Index2 union J

@) telse{

(8) Index1 = Index1 union J

©) §

(10

(11)  Index = Index] union head(Index2)
(12)  Data = select_column_Index(Train Data)

(13)  return Train Data

51% 3.8 NTLUIUNT Select Features AA0MANTURUT

- A & A o Y ! v o o
ﬂ1ﬂ§ﬂ‘ﬂ 3.7 LLaZgﬂ‘ﬂ 3.8 LAANUVUABDULALNTEUIUNITLIADNADAUUAIYATT VA UNUD

a g’/ 1 Y o e 5’4 e o 1 1% o 4 1
A1U1509TUBTUABUALY 9 laaaas 1 Tuduasuiiazimsmaian dunuT L1319

o o o ¢ Y o 7 v o P& 6 Ay Y9 [ o o A
ABANUNNADANY Lla’llﬂLﬂﬂ!“ﬂﬂ1ﬁ‘l"iﬁllwu‘ﬁ‘lluﬁ1W1ﬂﬂ1ﬂmsﬁ1ﬂﬂ'}ﬂ'ﬁllﬁ'fJ‘lJL“I/IfJ‘ULW’E)

J 1o A

[l 1 Y 1 v W Yo < 1A 1Y Y KX A
HINNQU IﬂﬂﬂWﬁWﬂﬂ?ﬁﬁﬁNWU‘ﬁM1ﬂﬂ') ﬂTI/IPﬂ%ﬂ?ﬁl&ﬂﬂ&ﬁ?ﬂlﬂﬂﬂqulﬂﬂﬁﬂu LAaILa 0N

QU

1 v o Y [ =t

@ J v 1 o o [
ANUNQUBBNNT 1 ABANU !Lﬁﬁﬁﬁ?ﬂﬂ1ﬁ1’iﬁhwu‘ﬁu®ﬂﬂ’3 mwﬂ%’mwumzummﬂﬂaanu

@ A d'dy ag Y v o da Yo A 1 v o
ANFITTINN 3.7 LA 3.8 Iﬂﬂﬁluﬂuﬁhhﬁﬁlﬁﬂ1ﬁﬁﬁuwu‘ﬁﬂPﬁ“ﬁﬂWﬁuﬂﬂ@ 0.70 (MANTUNUSD

9 U

S vy

I A a A Y 9 o [ Y
0.70 Lﬂuﬂmﬁwmwaﬁlﬂmmmmﬂfﬂﬂizmumimqmmmu) uaxﬁlwagaﬂmmin 3.2

1 v o J 1
Tumsmimanduiiug vazlddeyannais 3.6 lumsadgadoyaln



1 1 v o d ' o
A1519% 3.7 LLﬁﬂ\1ﬂ"lfﬁ’iﬁllwu‘ﬁi%ﬂ’JNﬂ@ﬁﬂJﬁiﬂﬂi{ﬂ‘ﬁ}ﬂﬁgﬁiu@l151\1 3.2

34

Correlation a b c d
A 1 0.13 0.35 0.13
B 0.15 1 0.55 0.73
C 0.35 0.55 1 0.53
D 0.13 0.73 0.53 1

M3 3.8 uaasgadeyalminldnndeyaiidnnfuas mssaidenaedinidismanduiug
Row a b c Class
1 1 4 10 s
3 8 7 12 u
4 1 6 22 u
6 7 8 12 u
8 0 6 24 u
10 1 13 12 s

v o v A v da 9 v & 1 I 1 a & &
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( Start )

Set C = number of columns of in majority class

J=0

J=J+1

K = number of instances in class J

Trunc(C/K) > 1

Duplicate class J with

Trunc(C/K) times

Yes

3

i1

=
N

v
3.9 Flow Chart B&@3UUADUNITNINIUVDINTEUIUNIT Over-Sampling
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Process Over-Sampling

//Input : Train Data

//Output : Over-Sampling class Train Data.

(1) C =max_class(Train Data)

2) for(J=1; J<=C; J++){

3) K = count_class_J(Train Data)

(5) if (trunk(C/K) > 1){

(6) next

(7 jelsed

(8) duplicate_class_J(TrunC(C/K))
©) h

(10§

(11)  return Train Data

gﬂ‘ﬁ 3.10 NTEUIUNIT Over-Sampling
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Row a b c Class
1 1 4 10 s
1(new) 1 4 10 S
3 8 7 12 u
4 1 6 22 u
6 7 8 12 u
8 0 6 24 u
10 1 13 12 S
10(new) 1 13 24 s
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szianaav

. v 2 o o 9 9
(Numerical Data) 191U Uazi1n15181190ya luguny csv  (comma-separated  value)
v ! o Y 9 A o = 1 4 = o 9 9 g
aedrusunsiuddoyaniuiineglulig example.csv (319 3.11) ansoiuddoyald

Yo & 9 Ao 9 ) 1 o Yo
Iﬂﬂslf]fﬂ'lﬁ\‘i ex <- read.csv(“example.csv”) ﬂl@yjaﬂu’lﬁl’lllﬁgﬂu°ﬁﬂﬂq1u@'Jl,!‘]_li ex !Lfffﬂ\‘lhlﬂﬂ\‘i

Jin 312

a,b,c,d,Class
1,4,10,35,s
2,5,11,22,u
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—>17,8,,24,u
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—> ,8,13,26,u
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2,5,11,21,u
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4,7,13,23,u

J { 1 EL {
19 3.1 nerasdoyalulid example.csv iy luauysel Tunea 6 uaz 9

U



38

Console
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=
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= RV e e s = i s =i =0

o v o Yy 9 Jd Y 4
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Console
= X

a b c dcClass
1 1 4 10 35 s
2 2 511 22 u
3 8 712 21 u
4 1 & 22 23 u
5 1 4 10 25 u
3] 7 8B NA 24 u
7 1 5 12 23 u
8 0 & 24 24 u
9 NA B 13 26 u
10 1 13 12 13 s
11 1 4 10 20 s
12 2 511 21 u
13 3 © 12 22 s
14 4 7 13 23 u

= for(i in 1:(ncol{ex)-13){
+ ex[is.naex[,1]1),1] <=- median{ex[,i], na.rm=T)

+ 1

<—— MFWNUAT NA A2881 median

> ex
a b ¢ dclass
1 1 4 10 35 s
2 2 511 22 u
3 8 712 21 u
4 1 6 22 23 u
5 1 4 10 25 u
6 7 8 12 24 u ! &
7 1 51223 u | €——YIUANTNYITNY
B 0O 6 24 24 u
9 1 813 26 u
101 13 12 13 s
111 4 10 20 s
12 2 511 21 u
12 3 6 12 22 s
14 4 7 13 23 u
=1

A oAy S A g I~ Y v &
Eﬂ‘ﬂ 3.13 L!ﬁﬂ\?ﬂ13l!ﬂUﬂ1ﬂ]lﬂJﬁNyiﬂlﬂi@ﬂl@yjaﬂﬂﬂﬂﬁWﬂﬂﬂElfﬂﬂ\iﬂﬁﬂ\i

3.3.3 nusveyaugatonarnaeunazyadoyanaaau (Split Data)

o oAy S Ay A v =] Y o '
‘Via\'ﬁnﬂlmuﬂWﬂhlﬂJﬁiJﬂuﬁﬂlTiﬁﬂﬂJ@HaﬂslﬂﬂﬁﬁJﬂ’JfJﬂ1ﬂQﬂﬁN!Lﬂ’J‘1/ﬂﬂ1il!‘U\‘1

9

. [ A
ex_train 110% ex_test 09317 3.14

< 9 = o 1 Y Y ) '
mauatﬂu@gmayjadnﬁauiua@mﬁm 70% uazﬂgﬂmauamaau 30% Tﬂﬂﬁlﬁ%ﬂﬁgﬂﬂlﬂyjﬁ’ﬂ
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Console
= ex_train

a b ¢ dclass
1 1 4 10 35 5
2 2 511 22 u
3 8§ 712 21 u
4 1 © 22 23 u
3 1 4 10 25 u
6 7 812 24 u
701 512 23 u
&8 0 6 24 24 u
9 1 B8 13 26 u
10 1 12 12 132 s
> ex_test

ab c dclass
11 1 4 10 20 5
12 2 511 21 u
13 3 6 12 22 5
14 4 7 13 22 u
= |

A v Ay Y ) 2 9 9
iﬂVl&14uﬁﬂﬁNﬁﬁWﬁ%qﬂ%1ﬂﬂ1§uﬂﬁmﬂgﬁﬂ}u%ﬂm@gaﬂﬂﬁﬂuua$ﬁﬂm®yﬁﬂﬂﬁﬂﬂ

U

Y g’/ v d
3.3.4 mﬁﬁ'uméi’fmgaﬁﬁﬂﬂnﬁmﬁuﬂmmnn 9 AvaNY (Find Outliers)

o o v o ) = D) Ay )
wminﬂmﬂmmwmg.mﬂuﬂ;ﬂmay,aNﬂﬁauuazﬁlg@mayjamﬁamiﬂmaﬂua’s

o ) = o v B Aa ad ] '
i]Z'Lﬂ‘lg’ﬂsUf]iqll'ﬁPjﬂﬁ'@uﬂﬂ‘ﬂ1fﬂiﬂuﬂ1ﬂlﬂyjaﬂﬂﬂﬂﬂ¢lﬂﬁﬁuﬂﬂlﬂ\1ﬂﬂ 9 ﬂaauuﬁnﬂmmaz

e

v @ 9 { & ay ¥ Yo & o o ° 1
avavilcnIndoyanialnd 1a Tag19@1a4 boxplot.statsOSout Taaidetingiinisaua
@ I o [l . @ 1 @ A A . A
AaUNIUAIMUYDID T (Row id) 9981909317 3.15 N15175 Outlier Tunodn 1, 3, 4, 8,

ae 10

Console a/Wo

= for(i in 1:(ncol(ex_train)-1)){

+ outlier <- union(outlier,which{ex_train[,i] %in% boxplot.stats(ex_train[,i])3out))
+ %

= outlier

[1] 1 3 4 & 810

> ex_trainfoutlier,]

a b ¢ dclass
1 1 4 10 35 5
3 8 712 21 u
4 1 € 22 23 u
6 7 8 12 24 u
& 0 o6 24 24 u
10 1 13 12 13 5
= |

= Yo o 9 9 Aa a? v
gﬂVl315Mﬁﬂﬁﬂ1§hﬁnﬁﬂﬂuﬁ1%ﬂgaﬂwﬂﬂﬂﬁﬂﬂﬁﬂﬂ%ﬂﬂﬂﬂG]ﬂﬂaﬂu
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o d

v d [y}
3.3.5 N31ABNABANVA LA ANFNWUS (Select Features)

2 O o ] = . o A v FY
leuu@@uu%Lﬂumim‘mmay’aﬂﬂﬁﬂu (ex_traln) UMD NADANUNIY

q

' @ @ =R J Yo o v [ @ o o
maraunusyaluniiosainisaleaidas cor() Tuprsrimandunus uagiiniy

v
% 1

nszuaIuMsaNgUi 3.7 uag 3.8 Taol¥nmei ladega 3.16 Tasadrailulaisusedn

U

. v J v A v d (% A A o =
feature _selection() LL@%W@@W‘E"’IJ?Nﬂ"liﬂﬂ!ﬁi’]ﬂﬂ’f]ﬁuuuﬁﬂﬂﬂﬂgﬂ% 3.17 4aiydnNINIItaon

v Y ' 4

v o @ g’/ {a a g’/ @
o Nuﬂﬁﬁ]ﬂ1ﬁﬁﬁ3\lwu‘ﬁwu’mﬂ‘lJell‘L!G]E]‘L!ﬂﬁﬁﬁ?ﬂ"ﬁ@%ﬁﬁﬂﬂﬂﬂG]‘VN‘ViiJWUEN‘I@ﬂ €] ADANUIL

1~ function(data, max = 0.5)1

2 co =- abs(cor(data[,-ncol(data)])

3 co <- co[-nrow(co),-ncol(col]

4 name.co <- colnames(co)

5 co.ind <- vector(

6~ while(ncol(co) =1){

7 group <- which(co[,1] == max)

8 group.na =- names(group) [1]

g co.n <- ncol(co)

10~ if(co.n =21

11 co.ind =- append(co.ind,which{name.co == group.na))

12 h

13

14 -~ if(({co.n - length{group) == 1)){

15 group. new =- which(co[,1] < max)

16 co.ind =- append(co.ind,which({names(co[,1]) == names(group.new)))

7 break

18 I

19 co =- col[-group,-group]

20~ if((co.n - length{group) == 2)){

21 co.ind =- append(co.ind,which(name.co == names(co[,1])[1]))

22 co.ind =- append(co.ind,which(name.co == names(co[,1])[2]))

23 break

24 I

25

26 co.ind <- append(co.ind,ncol{data))

27 co.ind

28 1

A a Iy . s
gﬂ‘ﬂ 3.16 L!ﬁﬂ\?ﬂ'l'ﬁ!,"llﬂuﬁ\‘]ﬂ%u feature_selectlon() Glfl«lﬂﬁeleJ'I§'
Console
= feature_selection(ex_train,D.7)
[11]12 35
> ex_train[,feature_selection{ex_train,0.7)]
a b c Class

1 1 410 5
2 2 511 u
3 & 7 12 u
4 1 6 22 u
5 1 410 u
e 7 812 u
7 1 512 u
8 0 6 24 u
9 1 8 13 u
101 13 12 5
> |

=1 v J A v Y 1 @ o J
3‘]_]‘1/] 3.17 UAAINAQANDUDINTIDNADANUAIIATTNTUNUSD
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Console

= ex_trainfoutlier, feature_selection(ex_train,0.7)]
a b c Class

1 1 410 5

3 8 7 12 u

4 1 & 22 u

6 7 B 12 u

& 0 o6 24 u

101 13 12 5

= |

A o & A v Y ' v o 9 ) P} Aa N
Eﬂvl318HﬁﬂﬂNaaWﬁﬂTﬂﬂ1ﬂa®ﬂﬂ@auuﬂ3&ﬂ1ﬁﬁﬁuwuﬁWu@ﬂﬂﬂﬂ?iﬂuﬁWﬂﬂ“ﬂ%ﬂﬂﬂﬂﬁ

£

9
[ v J
MHUUAUVDIND ] ADANUU

3.3.6 MIGUIAUYDINAANNINUIUNBYNIN (Over-Sampling)
2 2 I~ o v s A A o A~
Juasudzilun1snins TUsunsudlrenivi1o1s sy IvIunaIan
o % oy & ~ DA Jo 1
Tuilosnd MeTuaeuIaznIZUIUMINNGUN 3.9 taz 3.10 TasazldreWandudn over()

o & v o { o Ay Y S Yo
i1ﬂamﬁﬂﬂm@ﬂﬂ1ﬁﬂ1ﬂﬂﬁﬂ%uuﬁﬂﬁ@ﬂgﬂﬁI&l9uﬁ$NﬁaWﬁﬁ1ﬂﬂ1ﬂﬁﬁﬂ%u(N@d)uﬁﬂﬂqﬂﬂﬂ

1

=)

3.20

1~ function(data){

2 over.table <- table(datal,ncol(data)])

3 over.max.val <- max{over.table)

4 over.max.ind <- which{over.table == owver.max.wval)

5 over.out.ind =- wector()

[ for(over.i in 1:7ength(over.tahle)){

7~ if(over.tablelover.i] == 0)1

8 next

Q
10 over.cal <- trunc({over.max.val / over.table[over.i])
11 - if (over.cal == 231
12 - for(over.j in l:over.cal){
13 over.out.ind <- append(over.out.ind, row.names(data[datal[,ncol(data)] ==
14 levels(factor (datal,ncol(data)])) [over.i],]))
15 1
16~ jelsef

¥ over.out.ind <- append(over.out.ind, row.names(data[datal,ncol(data)] ==
18 Jevels(factor (datal,ncol(data)])) [over.i],]1))
19 1
20
21 over.out.data =- datalover.out.ind,]
22~ if (nrow(over.out.data) '= 0){
23 row.names (over.out.data) <- c(l:nrow(over.out.data))
24 T
25 over.out.data
26 1

4 7o s
31 3.19 naaalan s over() Tuniwiens
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Console

= over{ex_trainfoutlier, feature_selection(ex_train,0.73])

a b c Class

11 410 5

2113 12 5

31 410 5

41 13 12 5

58 7 12 u

61 6 22 u

77 B 12 u

80 o6 24 u

> |
= v J T A 9 c!'c!o 9 1
gﬂTl320uﬁﬂﬂNﬂaWﬁm@ﬂﬂ1iq&ﬂﬂu%@ﬂm@gﬂiuﬂﬁ?ﬁﬂh%1u3uuﬂﬂﬂ31(ﬂﬁWﬁs)

3.3.7  mM3aaluaa (Generate Model)
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Yo & v 9 < YA o 4
a5 lgids cree) TumsadaTueanndoyalaonuluaalinaiulsso ex model

v
=

uaadlaassi 3.21 Feluaan lasuTuaaninedluaaia s iesed19men

U

Console

> ex_model =- ctree(Class~. , data=over(ex_train[outlier,
feature_selection{ex_train,0.7)]))

= ex_mode]

conditional inference tree with 1 terminal nodes
Response: (Class
Inputs: a, b, c

Number of observations: 8

1)%¥ weights = 8
> |

~ A Y 9 A A o AA o 9 '
glh/'l 3.21 llﬁﬂ\'jIulﬂa‘ﬂllﬂi]']ﬂz’ll’f)aa],a‘ﬂW']uﬂ']ﬁlwui]'lujuﬂa']ﬁﬂuﬂ1u3uu@ﬂﬂ31

3.3.8 ﬂ]i“ﬂﬂﬁ'ﬂ‘ﬂill!ﬂﬁ

9
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9

o Ay Yy ) Ay Y 1 Yl 1y & da
mmsnageuTumain ldareyadoyanadonn lautelinwadugennodoya ex test Taglu
minaaey Tuaacinsalsmaa predict() uagl¥maa table() TuA151@AS confusion matrix A1

A & AY Yo ) g g ) A o
517 3.22 G Twaan Idvhunedeyanauaiiiunaid s TasanugnassvesTuaa 50% o

m3nadeunuteyayanadel
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Console

> predict{ex_model, newdata=ex_test)

[1] s 5 5 s

Levels: s u

> table(predict(ex_model, newdata=ex_test),ex_test[,5])

(=T LS IR E]
oM S

—_—w

A Ay ¥ 9 Y Y )
g‘lJ‘VI 3.22 LLﬁﬂQWﬂﬂﬁ‘V]ﬂﬁ@‘UIilLﬂa‘lﬂllﬂiITﬂ‘ljﬂelJ@Haﬂﬂﬁﬂullﬁ]ﬂﬂﬁﬂﬂﬂﬂﬂﬂgﬂﬂlﬂga%ﬂﬁﬁm

4' = dag) Y o Y] av
3.4 !ﬂ‘i@\‘l?»lﬂllﬁgQﬂﬂ‘iﬂlﬂi‘UﬁTﬁiﬂﬂ]i?%ﬂ
A A Qg Yo @ w Ao A A A s 2~ ~

inolatazginsainlydmiunisitonenIoIneuN NI AIUYANATINI 1AIDEA
autlszaninmaaas lil

- viunedszuIananals : AMD Phenom™ I1 X4 955 3.20 GHz

- UNEANINE59 : 1 TB 7200 RPM

- HUIEANINADN : 4.00 GB DDR3

-3 $1J°U‘1J§]°Uwaﬂﬁ : Microsoft Windows 7 Ultimate 64-bit Operating System

- 1n5o9ie lunsviamn Tasunsy : RStudio, Microsoft Excel
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3030.93 2564 2187.7333 1411.1265 1.3602 100 97.6133 0.1242 1.5005 0.0162 -0.0034 0.9455 202.439
0.1632 3.5191 83.3971 9.5126 50.617 64.2588 49.383 66.3141 86.9555 117.5132 61.29 4.515 70 352.34
350.92604 10.6231 108.06427 16.1445 21.7204 29.5367 093.7724 0.9226 148.6009 1 608.17 84.0793 Na
8671.9301 -0.3274 -0.0055 -0.0001 0.0001 0.0003 -0.2786 0 0.3974 -0.0251 0.0002 0.0002 0.135 -0.0
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NaM 0.0188 0 219.9453 0.0011 2.8374 0.0189 0.0050.42690000000000 0 0.0472 40.855 4.5152
0.0055 3.8447 0.1077 0.0167 NaN MNal 418.1363 398.3185 496.1582 158.333 0.0373 0.0202 0.0462 0.4
1.6252 0 3.2461 18.01180000 00 0.0752 1.5989 6.5893 0.0913 3.0911 8.4654 1.5989 1.2293 5.340
0.0229 0.0065 55.2039 0.0105 560.2658 0 0.017 0.0148 0.0124 0.01140000000 0.001 0.0013 00
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1.3071 0.8693 1.1975 0.6288 0.9163 0.6448 1.4324 0.4576 0.1362 0 0 0 5.9396 3.2698 9.5805 2.3106

5.8142 0 1.6936 115.7408 0 613.3069 201.4842 494.6996 178.1759 843.1138 0 53.1098 0 48.2091 0.7
0.1094 4.856 3.1406 0.5064 6.6926 000000000 00 2.057 4.0825 11.5074 0.1096 0.0078 0.0026 4
NaM Mal NaMN NaW Nal Mal NaM 533.85 2.1113 8.95 0.3157 3.0624 0.1026 1.6765 14.9509 NaM MNaN Ng
3085.78 2465.14 2230.4222 1463.6600 0.8294 100 102.3433 0.1247 1.4966 -0.0005 -0.0148 0.9627 20
68.4222 2.2667 0.2102 3.4171 84.9052 9.7997 50.6596 64.2828 49.3404 64.9193 87.5241 118.1188 7§
4,682 0.8073 352.0073 10.3092 113.98 10.9036 19,1927 27.6301 697.1964 1.1598 154.3709 1 020.35§
1931.6464 0.1874 8407.0299 0.1455 -0.0015 0 -0.0005 0.0001 0.5854 0 -0.9353 -0.0158 -0.0004 -0.00
15.88 2.541 15.91 15.88 0.8703 2.771 0.4138 3.272 -0.0946 0.8122 0.9985 2.2932 998.1081 37.9213 9

0.0437 MaN NaN 568 59 287 3277 0,112 0.1150.124 2.2 1.1 0.079 0.561 1.04598 0.1917 0.4115 0.6582
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o = 9 ! Y .
MNHuveya SECOM wivimawmsenvoya vy Taslalilsunsy Microsoft

9

Excel $28Tumsiasoudoya lagvz iuiindoyalioglugiuun csv ionaz 1a 16 deds

o Y 9 | 4 9 v .
azaanlumsihdeyaii 115105y RStudio Taaiomsoudoyane T1l51nsy Microsoft Excel

Y v v o A
udvg lawaansasgili 4.2

A B E D E F G H | ]

1 Al A2 A3 A4 AS AB AT A8 A9 AlD
2 | 3030.93 2564  2187.733 1411.127 1.3602 100 97.6133  0.1242 1.5005 0.0162
3 | 3095.78 2465.14 2230.422 1463.661 0.8254 100 102.3433  0.1247 L4966  -0.0005
4 | 2932.61 2559.94 2186.411 1698.017 1.5102 100 95.4878 0.1241 14436 0.0041
5 | 2988.72 2479.9 2199.033 909.7526 1.3204 100 104.2367 0.1217 L4882  -0.0124
6 3032.24 2502.87 2233.367 1326.52 1.5334 100 100.3967 0.1235 15031 -0.0031
7 | 2946.25 2432.84 2233.367 1326.52 1.5334 100 100.3967 0.1235 1.5287 0.0167
8 | 3030.27 2430.12 2230.422 1463.661 0.8254 100 102.3433  0.1247 1.5816 -0.027
5 | 3058.88 2690.15 2248.9 1004.469 0.7834 100 106.24 0.1185 1.5153 0.0157
10| 2967.68 2600.47 22489 1004.469 0.7384 100 106.24 0.1185 1.5358 0.0111
11| 3016.11 2428.37 22489 1004.469 0.7384 100 106.24 0.1185 1.5381 0.0159
12| 2994.05 2548.21 2195.122 1046.147 1.3204 100 103.34 0.1223 L5144 -0.019
13 | 2928.84 24794 2196.211 1605.758 0.9939 100 97.9156  0.1257 1.469 0.017
14 2920.07 2507.4 2195.122 1046.147 1.3204 100 103.34 0.1223 1.531 -0.0259
15 | 3051.44 2529.27 2184.433 B77.6266 1.4668 100 107.8711 0124 1.5236  -0.0209

319 4.2 uaaadoya SECOM vasan 19 115unsu Microsoft Excel 8 lunsissonudoya
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Rare Class Discovery Techniques for Highly
Imbalanced Data

Kittipong Chomboon*, Kittisak Kerdprasop, and Nittaya Kerdprasop

Abstract—This research aims at proposing a method to
induce a classification model of minority data cases that are
always predominant by a much larger majority cases. Our
proposed method applies feature selection technique to choose
25% of attributes that show highly correlation between classes.
Then use over-sampling technique on minority cases before
making a classification. We have found from the experimental
results that data of rare cases, which is normally disappeared,
can be detected through our proposed method. In this
research, we use R language for implementing our proposed
method and other four discovery techniques.

Index Terms—Data Mining, Rare Class, Imbalanced Data,
Data Classification, R Language.

I. INTRODUCTION

Present computer technology has progressed at a very
rapid speed and it has tremendous effect to the storage

of electronic data. With enormously increasing data,
conventional method to analyze data is inappropriate. Data
mining is thus an essential technology and has been proven
useful for automatic analysis of large data [5], [7]. Data
mining is the discovery of interesting patterns from large
data. Discovered patterns can be in various forms such as a
tree model for classification, a set of rules for association, or
a group of representative centroids for data clustering. In
this paper, we focus on the discovery of a tree model. This
model can be used to predict events in the future.

Decision tree induction is normally a powerful
technique to discover a tree model for future event
prediction. But for a highly imbalanced data in which the
number of data instances in one class is extremely smaller
than the number of instances in other classes. Dataset of a
smaller group is called a rare class [2], [6] or a minority
class. A dataset with high imbalance between majority and
minority classes can cause much trouble to the tree
induction algorithm. During the tree building process data
instances from a minority class are normally pruned and
disappear from the final tree model. This makes the tree
model predict the majority class correctly, but minority class
tends to be incorrectly predicted. This is a challenging
problem known as a rare class mining.
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In this research, we comparatively study five data
preparation techniques to help decision tree induction
algorithm creating a model that can predict rare class data.
The various data preparation techniques include clustering,
over-sampling, correlation analysis, outlier detection, and a
mixture of correlation and outlier analyses. The
experimentation has been performed on the RStudio
environment and the program is implemented with the R
language. Source code of our implementation is available in
the Appendix.

Il. RARE CLASS CLASSIFICATION

Rare class classification is the data mining task aiming at
building a model that can correctly classify both the
majority and minority classes. Classifying minority or rare
class is difficult because size of the rare class is too small.
Many researchers have tried to solve this problem.
Alhammady and Ramanohanarao [1] proposed an algorithm
called EPDT (Emerging Pattern Decision Tree) to train a
decision tree that can classify rare class.

He and Ghodsi [3] proposed a classification algorithm
based on the SVM (Support Vector Machine) for classifying
rare objects. Wu et al. [8] proposed a technique called COG
(Classification using IOcal clusterinG) that also based on the
SVM classifier. McCarthy et al. [4] proposed the algorithm
called Cost-Sensitive and compared the algorithm with the
under-sampling and over-sampling techniques.

Over-sampling and clustering techniques as applied in
several work seem to give a good result. We then perform a
comparative study by applying these techniques together
with the correlation and outlier detection methods. These
techniques are applied in the data preparation step, whereas
the tree induction is our classification method. The research
methodology and the experimental results are explained in
the following sections.

I1l. METHODOLOGY

In this section we present the discovery process of rare
class on imbalanced dataset. We use SECOM dataset from
the UCI (http://archive.ics.uci.edu/ml/datasets/SECOM)
SECOM is data from a semi-conductor manufacturing
process. It is highly-skewed. The dataset contains 1567 data
instances taken from a wafer fabrication production line.
Each data instance contains 590 sensor measurements. The
data are labeled as -1 (means pass the test), or 1 (means fail
the test). There are only 104 fail cases, whereas the pass
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case are 1463. This is a 1:14 proportion. The goal of Step 3: find top 25% of correlation between the
SECOM dataset is a good or bad semi-conductor from class attribute and other attributes of TrainData then union
manufacturing process. The overview our techniques show  with outliers. Outliers are found from each attribute and
as Fig. 1. include all outliers into the TrainData. Create new dataset
called D2 with correlated feature selection and outliers
inclusion. Then create model form D2 and examine
accuracy with TestData, show as Fig. 4.

TrainData TestData

TestData

i

Correlation & Outlier ‘

Ce o=

Fig. 4 Step 3: feature selection by correlation analysis and
inclusion of outliers

|
N

Step 4: apply over-sampling technique on the
minority class (that is, the fail cases) D2 dataset. The new
dataset is called D3. Then create model from D3 and
evaluate accuracy with TestData, shown in Fig. 5.

TestData

Over-Sampling

(e =

Then we will describe these techniques step by Fig. 5 Step 4: oversampling the fail cases
step. Step one: we manage missing values in SECOM

dataset by replacing with median value and create a new
dataset called D1, graphically show in Fig. 2.

i
SAL!

Fig. 1 The overview of five techniques to discover rare class

Step 5: find top 25% of correlation between the
class attribute and other attributes of TrainData, then create
new dataset with selected features and call this dataset D4.
After that create a model from D4 and evaluate its accuracy
with TestData, as shown in Fig. 6.

TrainData TestData

-

Fig. 2 Step 1: manage missing value
Step 2: we split D1 into train and test data.
TrainData and TestData has ratio 70:30. Then create model

from train data and evaluate accuracy with TestData, shown

in Fig. 3. Fig. 6 Step 5: feature selection with correlation analysis

i
SRt

Step 6: clustering dataset D4 with the pamk
function available in the RStudio program. Function pamk
stData

70%
returns a group of two clusters. Then create model of each

— — cluster and evaluate accuracy of each model with TestData,
shown in Fig. 7.

Fig. 3 Step 2: evaluate accuracy of Traindata.




74

e
TestData

Fig. 7 Step 6: cluster data then create model from each
cluster

After design techniques, we implemented by using
decision tree algorithm for classification with R language by
RStudio. RStudio is an open source program and easy to use
as there are several statistical and data mining functions
available in the library.

|. EXPERIMENTAL RESULTS

This research experimentation used SECOM (semi-
conductor manufacturing process) dataset from UCI
Machine Learning Repository. SECOM dataset has 591
attributes and 1567 data instances.

For rare class discovery technique comparison, we used
decision tree algorithm for classification on imbalanced
dataset and used R language coding on RStudio program.
The classification models of the designed techniques are
shown in Fig. 8. Evaluation results of the 5 models (M1,
M2, M3, M4, M5) can be displayed as a confusion matrix as
shown in Fig. 9.

§m1 §m4
101 101
-1 438 30 -1 438 30
1 0 0 1 0 0
M2 IMSA
101 101
-1 438 30 -1 438 320
1 o 0 1 0o 0
M3 M5B
101 101
-1 392 20 -1 438 30
1 46 10 1 0o o

Fig. 9 Results of classification model evaluation

A comparative performance of each model can be
summarized and shown in Table 1. It can be seen from the
result that model M3 that has been built from the top 25%
correlated attributes and data in rare class have been over-
sampling shows the best rare class detection rate of 10 from
the total 30 rare data instances. Other techniques have zero
rare class detection rate.

TABLE 1
COMPARATIVE RESULTS OF DESIGNED TECHNIQUES

SM1
1) Alo4 <= -0.0087; criterion 1, statistic = 25.017
2) A34 <= 9.1757; criterion 0.993, statistic = 19.267
3) A474 <= 116.5288; criterion = 0.997, statistic = 20.873
4)* weights = 657
3) ad474 > 116.5288
5)* weights = 9
2) A34 > 9.1757
6)* weights = 110
1) A104 > -0.0087
7)* weights = 323

smz2
1) AG0 <= 8.0636; criterion = 0.997, statistic = 18.452
2)* weights = 938
1) A60 > 8.0636
3)* weights = 161

M3
1) A130 <= -2.128; criterion = 1, statistic = 124.127
2) A121 <= 5.8821; criterion = 1, statistic = 87.221
3)* weights = 9
2) a1zl > 5.8821
4)* weights = 158
1) Aa130 > -2.128
5) A317 <= 7.1479; criterion = 1, statistic = 85.43
6) A282 <= 0.0153; criterion = 1, statistic = 72.096
7) All6 <= 779.32134; criterion = 1, statistic = 34.839
8) A96 <= 0; criterion = 1, statistic = 29.867
9) Al05 <= 0; criterion = 1, statistic = 32.245
-
Smd
1) A60 <= 8.0636; criterion = 0.997, statistic = 18.452
2)* weights = 938
1) A60 > 8.0636
3)* weights = 161

SM5A
1) A60 <= 8.0636; criterion = 0.999, statistic = 20.059
2)* weights = 710
1) A60 > 8.0636
3)* weights = 144

$M5B
1)* weights = 245

Fig. 8 Classification models of the designed techniques

Model | Accuracy Rare class, Recall | Precision
detection rate
M1 0.93 0 0.93 1
M2 0.93 0 0.93 1
M3 0.85 0.33 0.95 0.89
M4 0.93 0 0.93 1
M5 0.93 0 0.93 1
M6 0.93 0 0.93 1
I11. CONCLUSION

This research aims to study rare class discovery
techniques for highly imbalance data using decision tree
algorithm as a classification method. The results show that
the best model is model 3 that used correlation-based feature
selection, outlier and over-sampling techniques to prepare
data for classification. Model 3 has rare class detection rate
at 33%, whereas other models cannot detect rare class.
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Appendix
Source code of R language for comparing rare class
discovery techniques is given below. Start the program by
calling “my.fn” function.

my.fn <- function(data.f, seed=0){
library("party")
library("DMwR")
library("fpc")
## initial variable
stats <- list()
model <- list()
result <- list()
outlier <- vector()
cluster <- list()
n.col <- ncol(data.f)
decition.name <- names(secom)[n.col]
my.formula <- formula(paste(decition.name, "~."))

## initial data
data.f[,n.col] <- factor(data.f[,n.col])
for(i in 1:(n.col-1)){
data.ffis.na(data.f[,i]),i] <- median(data.f[,i], na.rm=T)

## split data
if(seed == 0){
seed <- sample(1000:9999,1)

set.seed(seed)

ind <- sample(2, nrow(data.f), replace=T, prob=(c(0.7,0.3)))
data.train <- data.f[ind==1,]

data.test <- data.f{ind==2,]

print(paste("$$$$ SetSeed ==",seed,"$$$$"))

print("Split Data Complete™)

#i test for M1 model

model$M1 <- ctree(my.formula, data=data.train)

result$M1 <- table(predict(model$M1, newdata=data.test),
data.test[,n.col])

print("Model M1 Complete")

## find outlier by boxplot.stats()
for(i in 1:(n.col-1)){
outlier <- union(outlier,which(data.train[,i] %in%

boxplot.stats(data.train[,i])$out))
outlier <- sort(outlier)

## find corelation by cor and select 25%

cor.sample <- sample(2, ncol(data.train), replace=T,
prob=(c(0.25,0.75)))

cor.n <- length(cor.sample[cor.sample==1])

cor.tmp <- cor(data.train[,-n.col],
as.numeric(levels(data.train[,n.col]))[as.numeric(data.train[,n.col])]

)
cor.name <- dimnames(cor.tmp)[1][[1]][sort(cor.tmp,
decreasing=T, index.return=T)$ix[1:cor.n]]

## create datal from outlier and corelation then create
model&test to M2

datal <- data.train[outlier, c(cor.name,names(data.train)[n.col])]

model$M2 <- ctree(my.formula, data=datal)

result$M2 <- table(predict(model$M2, newdata=data.test),
data.test[,n.col])

print("Model M2 Complete")

#i# create data2 form datal by decition(A591) -1 == 1 then
create model &test to M3

data2 <- datal

data2.n <- nrow(data2)

data2.bad.rownames <-
rownames(data2[data2[,decition.name]==1,])

data2.bad.length <- length(data2.bad.rownames)

data2.inc <- data2.n-(data2.bad.length*2)

data2.sample <- sample(data2.bad.rownames, data2.inc,
replace=T)

data2[(data2.n+1):(data2.n+data2.inc),] <- data2[data2.sample,]

model$M3 <- ctree(my.formula, data=data2)

result$M3 <- table(predict(model$M3, newdata=data.test),
data.test[,n.col])

print("Model M3 Complete")

## create data3 form datal by corelation then create model&test
to M4

data3 <- data.train[,c(cor.name,names(data.train)[n.col])]

model$M4 <- ctree(my.formula, data=data3)

result$M4 <- table(predict(model$M4, newdata=data.test),
data.test[,n.col])

print("Model M4 Complete")

## find k form data3
train.pam <- pamk(data3[,-ncol(data3)])
for(i in L:train.pam$nc){
cluster.name <- paste("'c", i, sep="")
model.name <- paste("M5", rawToChar(as.raw(i+64)),
sep="")
cluster[[cluster.name]] <-
data3[train.pam$pamobject$clustering==i,]
model[[model.name]] <- ctree(my.formula,
data=cluster[[cluster.name]])
result[[model.name]] <- table(predict(model[[model.name]],
newdata=data.test), data.test[,n.col])
print(paste("Model",paste("M5", rawToChar(as.raw(i+64)),
sep=""),"Complete"))

print("###H Complete ####")

stats$seed <- seed

stats$data <- list(data=data.f, data.train=data.train,
data.test=data.test, datal=datal, data2=data2, data3=data3)

stats$cluster <- cluster

stats$model <- model
stats$result <- result
stats
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