amanvajyle : m3Boudiwdudmiulammstuundeyaliauga
(ENSEMBLE LEARNING FOR IMBALANCED DATA CLASSIFICATION

PROBLEM)®19136N1/3 n11:509/1a0519158 A3.51aeunailszan, 130 ¥,

[l I { a a o @ [
doya luduqaiiludoyanainisonune lass ludiadszs1iu vu doyans

u

aa o - v v s A o g =t P} v Ay
'J‘Lli]ﬂUiiﬂ‘ﬂW‘]Jllﬂﬂ'lﬂ‘ﬂ'Nﬂ’]uﬂ’lﬁlLW‘V]ﬂ !il'ﬁ]u’lell'ﬂja!ﬂlﬁﬁ’luiJ’ﬂ‘]N’lu‘W’Nﬂ’luﬂ’liﬁﬂuqﬁl"llﬂ\i

v
=

13 099ns Az M ilestoyarz dewansznuaeMsisouivessanes iy iesnnvoyan 1y

U

2

IS % v d‘

~ Y < v Aq v Ao 9 Ay A A
Gl;uﬂ’lil Elu’iml,a&ﬂuﬂ’qn‘wﬁl‘ﬂﬂﬁmﬁusliminu’mell’é)y.a‘ﬂuﬂEJﬂJWﬂLiJ’EJL‘VIEJ‘Uﬂ“UﬂQiJfJu 9

D

U
o a R 9

A vy ~ 9 A o g [ Y A
L‘Viﬁf]’é)ﬁﬂ@iﬂnﬂ1iﬂ1uﬂﬁliﬂugﬂlfN!,ﬂifNﬁ]ﬂiuu?ﬂiﬂiﬂ‘ﬂNWl‘lklﬂﬂﬁluﬂ‘im‘ifl"ll@y.ﬁﬁwﬂ
A

o)

9
% Y

Y ]
ﬁ'ﬂ/i'i‘U"lgl}fJiJ”aUliJﬁhﬂﬁuuﬂlﬂﬂﬁl@511ENﬂﬁﬁﬂﬁucl%ﬂlfNE]ﬁﬂf]iﬁuﬂﬁ!iﬂui}%ﬂﬁlﬂi@\ﬁ]ﬂﬁuu%%

~ = ' 9 ' U Y [ ' 9 v 9 = Y A
nmmu,'e')umEN”IJJ‘mqﬂquﬂlﬁ)yamumﬂmwaslwmiimﬂ’qmmawauﬂamuuaﬂmmﬂunw%

] P
1 = = o

F) [
185un1sdanguitialszinnaaiuanuitelilainguedanesiulvi¥ed1 EnsDTV
. . .. . . . 4 EY o

(Ensemble Learning with DecisionTree_Visualization) tilouddayuin1ssmunisziandoya
liguqandoyasivvziioasinnuliauaavesnguisyaguazlionsinsdoununuues

[ 9 ~ [ v Y o Aax =3 9 Y] 9 v A 1 [ 3’4 3 a
nauIBYaNUANANAUAI8NITIITMIE BN TN UMSs Temsdadulesaununudinn

. Ia . o 9 o 9 a 19 ax
(Bagging)thazJa@iad (Boosting)u1M1MIa514 Tuaa yaisen13iuedoyaianguaieIsnis
= 9 = Y . ) 9 o I 1 FI FY g’z
Feu3uuUuA11%918 (Cost-Sensitive Learning)A18n1311a19100135 1981 159100 19 uvuaon
[ a 4 1 @ v A ..

msBenuazliumniimesvosmsizouiiwnu 14Taseasedulidaduly (Decision Tree)
2 A A 0 v Yy ¥ v 0 Y Yy Yo a Y ax P}
ihuesesdiolumssuundoyaniounalivaadaudulddaduledeismsadauTunmw
A a y . , a D v v gy & 4
#3039 lals ¥y (Visualization) tagmsmssudoyaliimuizaualon1sananis lsnun
1 o Y Ay Y U A o Aad A o [ o 9 A A
sanuliinueas wanldlsingin ierhismsinaueuiinunugadoyaniinisan

k1)

sasIMsFeuiunuvesngudoyanmuzauudmuawisoimn lduddyminissuun

IS

Uszinndoyaluauganiidasinnuluauganguaslisamsdouiviuanaianu Ided1adl
a a i U @ v a J @ da
Uszansnm Taomwiz Tumaniimsizoudsawnudremsldmsaadulesusunuuyadas

ES) Y} a a ° 9 o 9 Y 1 A A ~ ¥
uuilz114ﬂ‘jzﬁ‘l/l‘ﬁﬂTWGI,L!mii]nmﬂ‘ﬂi$Lm/l"ljaiquaﬂ@llﬁ"mu?Jﬂllﬂﬂﬂinhll,ﬂavmmiliﬂug

1
=

J v 9 Y v Aa 1 @ I A 2 a & ] o 4
FUNUAWMT IENMIAaaU eI ULT NN Gl,u"llfl!8‘VI!IJJﬂﬂﬂuui]%ulhﬁWNﬁﬂﬂNﬂJhlﬂ

9 @

A = 1 P~ S o Y o A o
evsyay Gmmm"lnﬁu@amgmaxuamwmi%umumm

AMUNIFIAINITUADNNUADS MeiloFDINANYI

= = A A I
ﬂﬂ1§ﬁﬂ1&l12557 a'lfJiJ@GIfﬂ@']’ﬂ'ﬁfJﬂ‘]J?ﬂH']



PASAPITCH CHUJAI : ENSEMBLE LEARNING FOR IMBALANCED
DATA CLASSIFICATION PROBLEM.THESIS ADVISOR:

ASSOC. PROF.NITTAYA KERDPRASOP, Ph.D., 130 PP.

ENSEMBLE LEARNING/ DECISITION TREE / IMBALANCED DATA/ COST-

SENSITIVE LEARNING/ VISUALIZATION

Imbalanced data area kind of data that can be found in real life, such as rare
case in medical diagnosis. When used in machine learning and data mining,these data
will affect the learning performance of algorithms.This is due to the amount of
instances in the group of interest is much smaller than the other groups. In the field of
machine learning, when data are balanced, a learning algorithm can be applied
efficiently in terms ofoverall classification accuracy. For unbalanced data, the
boundary of decision of most learning algorithms tend to bias toward the majority
class andthe classification in the minority class will be misclassified. Therefore, we
present a new technique called EnsDTV
(Ensemble_Learning_with_DecisionTree_Visualization) for dealing with imbalanced
classification problem: high imbalanced ratio and different overlapped ratio.To solve
this problem,we apply the ensemble learningusing both bagging and boosting
techniques to build models. We compensate themisclassification with cost sensitive
learning and then use the value from cost matrix in the learning process to adjust the
parameters of the ensemble learning. We adopt decision tree algorithm for data

classification and reduce the number of decision trees by visualization.We prepared



optimal imbalanced dataset by reducing an overlapped region. The results showed that

the proposed method work with datasets



thatreduction of the overlapped region then sends the EnsDTV method can solve the
imbalanced data classification problem efficiently which high imbalance ratio and
different overlapped ratio. Especially the ensemble learning using boosting techniques
will enhance the classification minority classbetter than bagging. While the ensemble
learning using bagging techniques cannot work in both case of high imbalance ratio

and low overlapped ratio.
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