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SUPAJITTREE BOONAMNUAY : IMPROVING THE CLASSIFICATION
AND REGRESSION TREE PERFORMANCE WITH RESAMPLING
TECHNIQUE. THESIS ADVISOR : ASSOC. PROF. NITTAYA

KERDPRASOP, Ph.D., 63 PP.
CLASSIFICATION AND REGRESSION TREE/RESAMPLING TECHNIQUE

Data mining is a very popular method for data analysis by introducing models
derived from the learning process for classification, clustering or predicting. From
numerous data mining algorithms, Classification and Regression Tree (CART)
algorithm is the prominent one with its advantage of being able to analyze data in
both numeric and categorical forms. CART performance is also highly effective when
analyze imbalanced data that is the normally found in real life. This research proposes
to improve CART performance by using resampling technique to find the appropriate
ratio between the number of majority class and the number of minority class that can
best improve CART performance. When we try to randomly reduce the number of
majority class to a close proportion of minority class, CART shows better
discriminative performance, and the best ratio is 50:50. Since the value of all
attributes other than the target class in this research is numeric, clustering technique is
also used to help grouping majority class to be equal to minority class. The mean
value of each attribute in each group is the representative data. From the applied

technique, models can detect more of minority class and have good performance.

Finally hopefully this research will be useful in the future.
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Usziliulszaninmueansiuundoya (Classification Evaluation) 1ag1u3sefineddos

2.1 ﬁi’iqula"laiemqa (Imbalanced Data)
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1oy (Minority Class) (Boonchuay et al., 2011; Farquad and Bose, 2012; Gao et al., 2012)

M990 2.1 waasdaededeya luauaga

A B C D Class

X y z X negative
y z X X negative
z X y y negative
X y z y negative
y z X z negative
z X y z negative
X y z y positive
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A B C D Class

y z X y negative
z X y X negative
X y z X negative

o v o oaa = ' A Y g Y .
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Imbalance Ratio (IR) =
mbalance Ratio (IR) Number of Minority Class
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sEAUN 2 : szAutamsoanesiy luszavibinitlumsiauedanes iulni wioud lu
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2.2 AUAMITUE] (Resampling)
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a o zﬂy 9 ~ ) 9 1 3’; 1 ~ =
nudtsiiunnsuddymidoya ludugaluduasuneuiiaziinisdszuiana
. o - Y [ o 1 1
(Preprocessing) Taomisun lvluszauilazud lunudoyalasass Tagaziinsdsvlsaveyan
a 1 Y I 9 A a Y a J ?a' 1 I
Banu ldaugalinareiudeyanianuaugadiomainmsqua Tavazuisoomiy 2

ngu lAuAnTguIAY (Over Sampling) agMIguan (Under Sampling)

93%%%11!314 (Over Sampling)

v
[ 1
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IDFUINU (NANNIA TN, 2016) Wumaia w3250 15 lumsnuvayaned luaata
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qaIUUDY T@fJﬂ’lﬁ’(:flllﬂuLWﬂ!WNﬂl@yaiﬁﬂa’lﬁﬁﬂuu@ﬂ I@Uf‘ﬂiqu!ﬁ@ﬂﬂ]@yﬁﬂ’lﬂﬂl@ﬂﬁl@ﬂ
Y

A Y 2 [l @ T 9 a
wsoaideyavumnlnianarediavesteyamy
= % o [ Y 1 ..
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M3l 2.2 gadeyandaninlfimaiamaiudieestoyannamadiudeniv 5 Toya
A B 3 D Class
X y z X negative
y z X X negative
z X y y negative
X y z y negative
y z X z negative
z X y z negative
X y z y positive
y z X y negative
z X y X negative
X y z X negative
X y z y positive
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positive
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X z
X z
X z
X z
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[ Aa a o I a
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A B C D Class
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z X y y negative
X y z y negative
z X y z negative
X y z y positive
y Z X y negative
X y Z X negative

a U U Y .
2.3 MAUANITIANYNUDYA (Clustering)
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% )

MAFHIN (Gini Index)

[ @

I ' { a v A ° v A
Wumawtinoanosnudu lddadulavuusmwuntazuuvuoanssldlunmsdaauls
Y 9

I A @

uan Inuaveaau liuuvuiiaoe Tagaziaonuan Ivualdlunaniauenns rdniaiawiia

-

- A 1 o A5 ' g . 9 Y a £ VY e e 1w Aaaa
nga fNﬂ']ﬂGIfuﬂ'lwnulﬁ L!ﬂa'ﬂiﬁuﬂuuﬂuluﬂﬂl@aallﬂﬂﬁq%‘ﬁiﬂﬂl‘ﬂ’]uu AIIUAIABUIU

ﬁ’liﬂiﬂﬁ’]u?ﬂ!ll@gl}@'lmﬁuﬂ'ﬁcﬁ 2.2
Gini =1 — Z(Pi)z (22)

A A Il I 1
19 P, A9 anuuzitluvesnazaad

Y | Y %4 Y Aa o
meealumsaisdulidadulonyudwunuaznuvanaes
a ) Y Y Yo o ° Yy
nmsesursduaoumIas wan ldaadulasuuduntazuuuoanessz 19doya
MeatuyAna 10 M1 1082171 T3A8IU (Obesity) TaadiunInLeNnIDadA1srinlanie
% ] I Y ¥ v o ' . U
(BMI) Fantiseoniilu 3 szan thmindiniunual (Underweight) audau  (Healthy) 1oy
1 v A . aa J o o v @
Wminimunaat (Overweight) 19NN DIANITUOUNAVY5ET1TU (Sleep) HOUNAUINEIND 6
=2 A 1 aa Jo A ] aa J o w
94 8 10150 11 oNN3TIAT VT8 MUVDIMIUT0 |1 (Desserts) HazLoNNIUIROONHIE

A ' . ( 1 = (3 A AaAa Jd .
RCICERRY (Exercise) 199819A1UA1519N 2.4 Tagsulsithvanoferennsing Obesity

A 9 o ' Yy v Yo a °
AT NN 2.4 GIJ?JIJ“ZW]’J’E]EJNGI,L!ﬂ”liﬁiN@]ullhﬁﬂﬁuimm‘ﬂmtmﬂlm$LL‘]J1JEW]E]?JEJ

Person BMI Sleep Desserts Exercise Obesity
1 Overweight No Yes No Yes
2 Healthy Yes No Yes No
3 Healthy Yes No No No
4 Underweight Yes Yes Yes No
5 Overweight Yes No Yes No
6 Overweight No Yes No Yes
7 Underweight Yes Yes Yes No
8 Healthy Yes No Yes No
9 Underweight No Yes No No
10 Overweight Yes Yes No Yes
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A A

@ ' { A ° T W Aa ¢ A
%Wﬂ%}@yaﬂjﬂﬂ'mﬁluﬂ'ﬁ'mﬁ 2.4 Lﬁugl}'l‘liﬂﬂﬂ'IU'Jﬂ!ﬂ']ﬂ“FUﬂusU@\?nﬂll@ﬂWﬁU'm Lﬁﬂ

[

a AaaAa 4 o v A dy
NIITUIVINUDNNTUIN BMI 3CATUIUABUIUAIU

Gini(BMI=Underweight)  =1—(0/3)>—(3/3)’=1-0-1=0
Gini(BMI=Healthy) =1-(0/3)>-(3/3)*=0

Gini(BMI=Overweight) =1-—(3/4)° - (1/4)* = 1 - 0.5625 — 0.0625 = 0.375

Y
[ Y U

A A o o aa J A
JUUHAUFIUTINATINITVUDNNTUIN BMI AD

Gini(BMI) = (3/10) X 0 + (3/10) x 0 + (4/10) x 0.375 = 0.15

=le

d‘ a AaAa 4 o v A A Y o
IWONIITAUINNUDNNTVIN Sleep ICATUIUAY ﬁ]uhlﬂ N

Gini(Sleep=Yes) =1- (17)*—(6/7)>=1-0.02—0.734 = 0.237

Gini(Sleep=No) =1-(2/3> - (1/3)*=1-0.44-0.11 =0.45

Y
[ - v AAA

o [ aa J
JUHUATUIUTINTINTULINNTUIA Sleep ﬁ'ﬁ]

Gini(Sleep) = (7/10) x 0.237 + (3/10) x 0.45

=0.165+0.135  =0.3

o150 NNI ¢ Desserts 12AUIBAUTIT AT
Gini(Desserts=Yes) =1-(3/6)°-(3/6)*=1-0.25-0.25 =0.5
Gini(Desserts=No) =1-(0/4)* - (414> =1-0-1 =0

9
Y v v AaAAxA

UABTIINITINFIMTULONNT T4 Desserts A

Gini(Desserts) = (6/10) x 0.5 + (4/10) x 0 =0.3
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[

A A Aaa o . o v A Y dy
WDNATUINNUDNNTUIN Exercise ﬂzmmmﬂumu"lﬂ JU

Gini(Exercise=Yes) =1-(0/5)%-(5/5°=1-0-1 =0.375

Gini(Exercise=No) =1-(2/5)%-(3/5)°=1-0.16-0.36 =0.48
SutuRa TR s A M ULeNNITd Exercise A9

Gini(Exercise) =(5/10) x 0 + (5/10) x 0.48 =0.24

4 1w

o v A A aAa Y aa J = A 9
VINNITATHIUATUIUATUNNUDNTUIA ﬁsﬂ”lmmemmum BMI UAM¥HIUUDY

9

v
a

figa Seisuahsdulidadula Idduldaugi 2.3

Underweight Overweight

(2

717 2.3 dulddadulauuswunsazuuaanesi ldvinns

[

° A A 9 @ 1
ATUIUATUIUVDIVOYAAIDY N (1)
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1w

1103104 2.3 Tuauvesdoyaiienn3tad BMI = Underweight 1tz BMI = Healthy A167

A o g I 4 dyd 1o & Y [ o v A
LlﬂﬁﬂgﬂﬂHLUﬂf}@ﬂN']uULﬂu No Mnua Iﬁ'u@ah_lu%ﬂllllﬂuﬂu@]@ﬂﬂ1ﬂ’]§3uﬂ’]u’)ﬂlﬂ%u%u

=S

Y v
5100 39 ladu lddaduladluluawugii 2.4

Underweight Overweight

No

Yo Aa o Ay v
uhlﬂﬁﬂﬁuclfl]lLUUfl]’llluﬂllagll‘l]ﬂﬂﬂﬂaﬂ‘ﬂllﬂﬂ']ﬂﬂ']i

Se

31N 2.4

(2 ]

v AaA 9
AUIUATUIUVDIVDUANIDY (2)

U

Do

v 4 9

draudanuiionnsandoyavoadsiuenniiid BMI = Overweight tidadoyanaod

K1)

NIITAUIAIAITIN 2.5

{ o ] { aa o
A13°99 2.5 Toyaa196819MeNNI 1A BMI = Overweight

Person BMI Sleep Desserts Exercise Decision
1 Overweight No Yes No Yes

6 Overweight | Yes No Yes No

7 Overweight No Yes No Yes

10 Overweight | Yes Yes No Yes
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Y v

A o v AamaA aa Jd1 dy
1NAITIN 2.5 T UIUAYUIUNUDNNTUIAAN ) llﬂ JU

Gini(BMI=Overweight and Sleep=Yes)  =1-(1/2)*-(1/2)> =1-0.25-0.25
=05

Gini(BMI=Overweight and Sleep=No) =1-(2/2>-(0/2)) =0-1-0
=0

Gini(BMI=Overweight and Sleep) = (2/4)x0.5 + (2/4)x0 =0.25

Gini(BMI=Overweight and Desserts=Yes) =1-(3/3)*—(0/3)> =1-1-0=0
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4

Y Y
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AMUIUAFUIUVDIUDYDAIDYI (3)

25 maszdiulszansmwvesmsdwundeya (Classification Evaluation)
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A13197 2.6 Confusion Matrix

Prediction
Actual Positive Negative
Positive TP FN
Negative FP TN

NAIT19N 2.6 LiBUNUAAAAIUNINAIYA Positive  MazAalaaIUlosd18a1
a o o a J [ 4 a 4
Negative HDIUDINAT NFVLUAAITIUIUTOYAVIUDIUARLAAE LA ADANUVDUUATNTIY
o A ) 9 ' ' o I = g
tarasdune Idveauaazaand tuawan sty 4 nal fall
A . = o Y A '
NSO 1 : True Positive (TP) W1wDI S1uIudoyanoglunaraaIuun uag
9
puuiaesswun ldgnaesndoyativedlunaiadiuuin
A . =2 o ) A 0 Y
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ns@ifi4 : False Negative (FN) Wu1889 ﬁi’mauﬂgfayjaﬁagﬂuﬂmﬁdauﬁfaﬂ e
HUVTIADITWUNAANA IR Tﬂﬂﬁmwdw%’aga&uegj“l,uﬂmﬁd’gumﬂ

HAZANNIUAN 9 AINA1519 Confusion  Matrix — @115 Useiiulsed@nsain
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1 | o
MAINUNUEN (Accuracy)
< @ ' o o 9 < a a A °
L']Jull’lﬁi')ﬂﬂ?’llll!lluEl'lcl,uﬂ'liﬂ'llluﬂ"ll@y'ﬁ lﬂuﬂ’liﬂi$L3Juﬂﬁ$ﬁﬂﬁﬂ'l1/‘|ﬂ'liﬁ]'llluﬂ
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TP + TN
TP + FP + TN + FN

(2.3)

Accuracy =
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AN NINE (Precision)
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TN
isi - 2.4)
Precision TN+ FN

\ = G \
M3zan ¥39MA1I (Recall / Sensitivity)
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TN

— SR (2.5)
TN + FP

Recall | Sensitivity =

U [
MANNIUNE (Specificity)
<3| @ 1o o J o o
Wuwastaanumdudrlunmsswundeyaluaaradinun Tasmuimnnsiuau
Foyangniwununaradiuninlagndouiioudusiuiutoyarisvesaaraaiunin

Y
%

NINVUA AIAUNITN 2.6

TP

dllvifa (2.6)
TP + FN

Specificity =

U %
MM 3N (F-Measure)
flunasfanrumiudresnssuunamaaiutios Taogainwamasues Precision

1az Recall aaaunsin 2.7

2 x Precision x Recall (2.7)

F—M =
casure Precision + Recall
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Negative 4 10
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. . o a g d‘
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o [ d'd 1 J Y
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o v tﬁ‘d ' J Y
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fe HONNTUIG MoTUY M
AUNDBINNVANTAVDINNIHAT O
6 Vedge-mean - . 0.0-29.2
aanuluuuiveu
ANVOUUULINTIIUANUANTAVD
7 Vedge-sd - 4 om o 0.0-991.7
Wneranegaany lunuIueY
ANNAGANUANTAVDINNIY AN D
8 Hedge-mean - 2 0.0-44.7
aanuluuung
ANVBAVUNIATIIUANNAUTAVO -1.58E-8-
9 Hedge-sd - T 2
WnesanegaanyluunIng 1386.3
10 | Intensity-mean ANNAYH RGB 1171510 0.0-143.4
11 Rawred-mean ANNAVTLUAINIVTIN 0.0-137.1
[ 1 g a ) a
12 Rawblue-mean ANNAYUIUNIVT NN 0.0-150.8
13 Rawgreen-mean ARAOTVINIUT W 0.0-142.5
14 Exred-mean ALAAITUAITIUNY -49.6-9.8
1 %,I a 1 a
15 Exblue-mean AMUAAITUIRUAIUNY -12.4-82.0
16 | Exgreen-mean AMAATAGITIUAY -33.8-24.6
amsutlasuuu luFadulu 3 56
17 Value-mean 0.0-150.8
Y99 RGB
amsudasuuuli@adulu s 4@
18 Saturation-mean 0.0-1.0
1939 RGB
amsudasuuu ligadulu 3 4@
19 Hue-mean -3.04-2.9
1939 RGB
. Positive,
20 Class auls
Negative

o v do 1% ° ' 2
Swun uaz 1 asavidmsuaae) lasliswaudeyaluaaraaruninnnua 4913 doya
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Foyaluamadiuioenavua 559 Yoya samnnua 5472 doya uaziiszauany liaugasy

;e | wennsiog MoTLY o8

I | Height ANNGIVRILADN 1-804

2 Lenght ANVITIVOIVADN 1-553
9 ]

3 Area NuNveIUdon 7-143993

4 Eccen ANuAnlnAveIuaen 0.0070-537.0

- a A o <
5 P black Wosuvsannsagainieluuaen 0.052-1.0
< 3 A A o < o

weosiuveannagainieluuaonaiain

6 | P and N | 0.062-1.0
l¥9ane3Nu RLSA

7 Mean_tr AunaguoINMIasudu-m 1.0-4955.0

8 Blackpix Sninags ludauliduvesudon 1-33017
snnunnsaaa ludaunlvdannlds

9 Blackand o ad 7-46133
9ane3 Ny RLSA

10 | Wb_trans Nuaumsasuav-a ludauuil 1-3212
. Positive,

11 Class auals

Negative
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® 1eANNIa1509: 1 TB

® 12uANNINAN : 4 GB

® 5:u1P1AMT : Windows 8.1 Pro

® 1A504
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[
=

2. szulfiiamsuas Tsunsulszgnadmsumsann Uszneulidae

1%114?1151&@11!1 : IBM SPSS Modeler version 18.0
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~ v - A v ¥ Y

2. mawisenveya dmsuautuluilv 2 szee Aeszezmslivveyalvianuauga
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o 1 A ) [ Y] 9 9 a 1 ?_-,’ [ ) Yy
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14 5 1aun Aanuusud lun1s9un (Accuracy) A1ANNINBY (Precision) AAY 15 am
5280 (Recall) MANUTWNZ (Specificity) taza1m3iaeil (F-measure)
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Preprocessing
v 1 1 ]
Phase 1 : Wimaliannaguedn Wenenadauiinfigalunisiuauns
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1
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PHASE 1

Imbalanced Data

Data Preprocessing

Train Set 70% Test Set 30%

Simple Resampling
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VIATIAAN 9 LAAIAINTT19N 4.1

M50 4.1 51eaziBeamlsz@nEmmaiuuiainaid o iWenaaey Tumaalsgateya

nagou luaiumsdveluszezi 1

yﬂﬂi}ﬂga AI1dIU Accuracy Precision Recall Specificity | F-measure
Sudn 0.68 0.83 0.30 0.95 0.44
Pima 70:30 0.76 0.78 0.60 0.88 0.68
(IR=1.87) 50:50 0.71 0.63 0.76 0.67 0.69
30:70 0.59 0.50 0.96 031 0.66
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A15190 4.1 s1azBean1lsz@nTamminuiasianie q ienadeuTumanieyadoya

naaeuluaiumsveluszezi 1 (9o)

igmafaga A3 1dIU Accuracy Precision Recall Specificity | F-measure
AUAL 0.75 0.59 0.39 0.89 0.47
(IR=2.46) 50:50 0.71 0.49 0.70 0.71 0.58
30:70 0.50 0.36 0.93 0.32 0.52
AUAN 0.89 0.78 0.54 0.96 0.64
Vehicle 70:30 0.94 0.80 0.89 0.95 0.77
(IR=3.25) 50:50 0.89 0.63 1.00 0.86 0.85
30:70 0.86 0.57 1.00 0.83 0.72
AaA 0.99 0.97 0.99 0.99 0.98
(IR=6.02) 50:50 0.98 0.87 1.00 0.98 0.92
30:70 0.95 0.71 1.00 0.94 0.83
AR 0.96 0.81 0.83 0.97 0.82
Page-
70:30 0.96 0.74 0.86 0.97 0.80
Block
50:50 0.92 0.57 0.95 0.92 0.71
(IR=8.79)
30:70 0.82 0.35 1.00 0.79 0.52
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M1319% 4.2 s1eaziBeaa1lszdninimauuiasiaais q enadeu Tuaadieyadoya

nageuluaiunsdveluszezi 2

Gljﬂﬁlsl}m;l‘a A3 1dIU Accuracy | Precision Recall Specificity | F-measure
AR 0.68 0.83 0.30 0.95 0.44
Pima 50:50 0.71 0.63 0.76 0.68 0.69
(IR=1.87) o
50:50 + 99
Dy 0.73 0.57 0.67 0.76 0.61
nauYaya
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A15190 4.2 s1azBean1lsz@niamainuiasianie q enadeuTumanigyadoya

naaeuluaiumsIveluszezi 2 (no)

Glfﬂ‘lgl}mg‘a GERT LY Accuracy | Precision Recall Specificity | F-measure
AR 0.75 0.59 0.39 0.89 0.47
Yeast 50:50 0.71 0.49 0.70 0.71 0.58
IR=2.4 v
( 6) 50:50 + 99
oy 0.59 0.38 0.74 0.54 0.50
NQuUDYQ
AUAN 0.89 0.78 0.54 0.97 0.64
Vehicle 50:50 0.89 0.63 1.00 0.87 0.77
IR=3.25 .
( ) 50:50 + 3@
o 0.91 0.72 0.96 0.89 0.83
NQuUYQ
AR 0.99 0.97 0.99 1.00 0.98
Segment 50:50 0.98 0.87 1.00 0.98 0.93
IR=6.02 9
( ) 50:50 + A
o 0.99 0.95 0.97 0.99 0.96
ﬂijil"’ll’f)ﬂJ’d
AR 0.96 0.81 0.83 0.98 0.82
Page-
50:50 0.92 0.57 0.95 0.92 0.71
Block
IR=8.79 50:50 + Fﬁ,ﬂ
( ) oy 0.91 0.53 0.91 0.91 0.67
ﬂQlIGUlel”ﬁ
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Abstract

Dengue fever 1s an epidemic that have many patients each year and the disease is fatal 1f not
taken care of properly. The spread of dengue fever caused by a mosquito which requires water to grow
the population. The research 1s focused on bringing the rainfall statistics of each month data to predict
the related number of patients during that month. Cause the rain made it hard to control our water
sources. If seems to be a cause the largest number of mosquito population. This research has led
algorithms classification and regression tree to classify monthly rainfall to predict the average number
of patients each month. At the end the number of patients from prediction actually quite with actual
number of patients.

Key word: classification and regression tree, dengue, forecasting
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Classification and Regression Tree with Resampling for
Classifying Imbalanced Data

Supajittree Boonamnuay, Nittaya Kerdprasop, and Kittisak Kerdprasop

Abstract— Data mining is the automatic process to find from
data interesting and useful patterns for specific tasks such as
predicting future data or classifying label or group of the new
data items. Many data mining algorithms successfully applied
to several real-life data are in a tree group. Among the
tree-based algorithms, decision tree is the most popular and
renowned one for its high accuracy on classifying data in
general cases in which data in each class are quite equally
distributed. But many datasets in real applications are
imbalanced; amount of data in some group outnumber those in
other group. Such uneven distribution among classes is a main
reason why classification accuracy is not excellent even when
using decision tree algorithm. Inefficiency is due to the case
that in the tree growing phase, the algorithm tends to favor the
majority data and ignores the minority data to be incorrectly
classified. In the past many researchers try to solve this data
imbalanced problem with many ways like over-sampling,
under-sampling, cost-sensitive classification, or even ensemble
of cost-sensitive decision tree. In t paper, we introduce a
simplified method of learning classification and regression tree
(CART) with resampling technique for classifying imbalanced
datasets. We compare our proposed method with other methods
based on several metrics including the precision on classifying
the minority data as opposed to the classification on majority
data, the overall accuracy regardless of minority nor majority
classes, and the Matthews Correlation Coefficient (MCC). The
use of MCC is suitable for imbalanced data because it takes
into account all four classifying metrics: true positive, true
negative, false positive, and false negative. The performance of
our proposed thod to combine r pling with CART is
satisfied based on the MCC metric. From all five experimental
imbal dd thod performs the best.

ed our

Index Terms— Classification and regression tree, CART,
R ling technique, Imbalanced data, Matth Coefficient

Correlation.

I. INTRODUCTION

Data mining is a kind of data-oriented discovery science to
find the patterns, important indexes or relationships from the
existing databases [1]. There are many types of data mining
tasks such as data classification, association rule mining,
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clustering, and forecasting. Among numerous potential tasks
of knowledge discovery, data classification is the majority of
data mining task that has been widely applied in many real
applications and it is also the main mining task of our focus.

We especially aim at studying a classification problem of
accurately partitioning and predicting data with imbalanced
distribution among classes. This is called learning from
imbalanced data [2], [3]. Typically, imbalanced data
classification refers to a class of classification problems
where the class distributions are not represented equally [2].
For example, suppose we have a 2-class (or binary)
classification problem with 100 data instances (or rows) in
total. Among these, 80 instances are labeled with class a,
while the remaining 20 instances are labeled with class b.
This is an example of imbalanced dataset and the ratio of
data instances in class a to those in class b is 80:20, or the
imbalanced ratio equals 4:1.

To deal with class imbalance, the most intuitive solution
is to rebalance data with either under sampling the majority
data, or over sampling data in the minority class [4], [5]. In
this work, we are interested in balancing data with the
bootstrapping method using resampling technique.

Our specific emphasis is on balancing data for a
tree-based learning method. Tree learning is widely accepted
for its easy interpretation nature. There exist several research
trying to improve accuracy of tree-based learning over
imbalanced data such as the work of Bartosz Krawczyk and
teammates [6]. Their research introduced cost-sensitive
decision tree ensembles for effective classification of
imbalanced data. They tried to improve decision tree
accuracy by assigning different weight to data in different
imbalanced ratios.

Efficient learning from imbalanced data is still a
challenging problem because imbalance is common in many
applications [7], [8]. [9]. Most classification datasets do not
have exactly equal number of instances in each class, but a
small difference often does not matter. There are, however,
problems where a class imbalance is not just ignorance; it is
the main concern of the application. For example, in
commerce datasets like those that characterize fraudulent
transactions- are -imbalanced. The vast majority of the
transactions will be in the “Not-Fraud” class and a very
small but important minority will be in the “Fraud” class.

We focus our concern regarding imbalanced data with the
classification and regression tree (CART) method. Our
special interest in CART algorithm is because this algorithm
can classify all types of target data including both
categorical and numeric. This algorithm has also been
reported by many researchers that it yields good results. In
medical domain [10], this algorithm can help efficient
diagnosis based on patients’ symptom. In economy [I1],
CART algorithm can help deciding the way to manage
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business plans. Also in environmental application [12], this
algorithm can help to predict rainfall and groundwater level.

11. BACKGROUND THEORIES

A. Classification and Regression Tree

Classification and regression tree, or CART, is a
classification method that builds a model from historical
data. CART was firstly developed by Breiman, Freidman,
Olshen and Stone in 1984 [13]. A CART tree is a binary
decision tree in that in constructs a tree by splitting a node in
half repeatedly resulting in two child nodes for each split.
Tree construction begins with the root node that contains the
whole learning samples. If data in the node are of mixing
classes, that node has to be split. Splitting strategy is that the
algorithm will search for all possible variables and all
possible values in order to find the best split such that data
in child nodes are of maximum homogeneity, or sometimes
called purity.

The key idea of CART is recursive partitioning. The
process of CART begins by taking all data for the
consideration of all possible values of all variables for
growing a tree. So it will select on variable or value that
produces the best separation in the target attribute. If the
value in focus is lower than the value at the separate point,
that value will be placed on the left side of tree. For the
value greater than or equal to the value at separate point, it
will be sent to right side of tree like, as shown by example
on Fig. 1. The tree will repeat this splitting process until it
cannot find another best separate point the give the increase
purity greater than the last separate point. The pseudocode
of this tree growing process is illustrated in Fig. 2.

The index that used for checking the best separate point in
the pseudocode is Gini index that can be computed as in
equation (1). Gini is a measure of impurity computed by
counting the frequency of events that how often a randomly
chosen data instance is wrongly labeled, given that that
instance is to be randomly labeled based on distribution of
class labels. For a binary classification with class positive
and negative, p,,, is the probability that data instance in class
positive being chosen, and (1-p,,,) is the probability that that
instance is incorrectly labeled as negative. The other term
can be interpreted in the same way with the class label

Classification and Regression Tree
. Start at the root node.
. For each ordered variable X,
convert it to an unordered variable X' by grouping its
values in the node into a small number of intervals
if X is unordered, then set X’ = X.

R0k

w

. Perform a chi-squared test of independence of each X’ variable
versus Y on the data in the node and compute its significance
probability.

>

Choose the variable X+ associated with the X” that has the
smallest significance probability.

w

. Find the split set {X#* € S+} that minimizes the sum of Gini
indexes and use it to split the node into two child nodes.

&

If a stopping criterion is reached, exit.
Otherwise, apply steps 2-5 to each child node.
. Prune the tree with the CART method.

~

Fig. 2. The pseudocode of classification and regression tree.

B. Resampling

Bootstrap is a general purpose resampling technique for

obtaining estimates of properties of statistical estimators
without making assumptions about the distribution of the
data [14]. This resampling method is often used to find

(1) standard errors of estimates,
(2) confidence intervals for unknown parameters, or
(3) p values for test statistics under a null hypothesis

Suppose Y has a cumulative distribution function, then

F(y) = P(Y<=y). If we have a sample of size n from F(y),
Y1, Y2, ..., Yn, then the steps in computing resamples are
as follows:

Step 1. Repeatedly simulate sample of size n from F.

Step 2. Compute statistic of interest.

Step 3. Study behavior of statistic over B repetitions.
Pretend that Fn(y) is the original distribution of F(y),

sampling from Fn(y) is thus equivalent to sampling with
replacement from originally observed Y1, ..., Yn.

TABLE I: CONFUSION MATRIX FOR TWO CLASS CLASSIFICATION

negative, instead of positive.

Gini index = ppoi(1-Ppos) + Preg(1-Preg)

B
IR >

Fig. 1. Example CART model.

Actual Data
Positive Negative
L Positive P Fp
e Negative FN TN

C. Classification Performance Evaluation

To evaluate each classification technique, we use the
accuracy metric for assessing their overall performance. The
computation of this metric is based on the values in confusion
matrix [15] as shown in Table I and accuracy can compute as
in equation (2).

(TP +TN)

Accuracy = ———————
(TP+FN+FP+TN)

2)
where:
TP is the number of actual data from positive class and
the model can correctly predict that data to be in a
positive class,
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TN is the number of actual data from negative class and
the model can correctly predict that data to be in a
negative class,

FP is the number of actual data from negative class but
the model incorrectly predicts that data to be in a
positive class,

FN is the number of actual data from positive class but
the model predicts that the data incorrectly as in a
negative class.

In our experiments, we also evaluate classification by class.
This measurement is called precision and its computation is in
equation (3). For the case of classifying data with imbalanced
distribution among classes, many researchers [16], [17] use
Matthews Correlation Coefficient (MCC) as an effective
metric for fair comparison because the MCC computes
performance based on all values in the confusion matrix.
MCC computation is shown in equation (4).

. TP
Precision ,, .= — .
X TP+ FP
Precision . = AN (3)
w TN+ FN
TPXTN — FPx FN @)

V(TP + FPXTP+ FN)(TN + FP)(TN + FN)

III. MATERIALS AND EXPERIMENTATION

A. Datasets and Methods

In this research, we use standard imbalanced datasets that
publicly available for download from KEEL Repository [18].
The five datasets and their details are summarized in Table II.
All datasets are two classes. We show class distribution as
proportion of data instances in minority class to those in the
majority class. The imbalanced ratios (IR) are computed as
the fraction of instances in majority to instances in minority
class. IR equals to 1 means the data are well balance. The
higher IR infers the more imbalanced situation among classes.

Our research methodology is that firstly classifying the
selected datasets using the tree-based algorithms including
decision tree induction, CART, AdaBoost, and bagging of
decision trees. Then perform on the same datasets our
proposed method of decision tree learning using CART with
the applied resampling technique.

TABLE II: DATA SETS USED IN THE EXPERIMENTS

No. Class IR

Dataset Features Object Classes  distributio

s n
Pima 8 768 2 268:500 1.87
Yeast 8 1484 2 429:1055 246
Vehicle 18 846 2 199:647 3.25
Segment 19 2308 2 329:1979 6.02
Page-blocks 10 5472 2 559:4913 8.79
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B. Experimental Setup

To test the performance of the proposed method (CART +
resampling), we compare it against the other four techniques
(decision tree, CART, AdaBoost, and Bagging). Comparative
performance metrics are precision by class, overall accuracy,
and MCC. These metrics are computed from the confusion
matrix that to be obtained by running a classifier model ten
times using the 10-fold cross validation method, which is
conceptually shown in Fig. 3. We use 10-folds cross
validation because we want to fairly compare the models
using every data instance as train and test data in every model
comparison. To apply 10-fold cross validation, we have to
separate our dataset into 10 parts and repeat the experiment
10 times. At round one, we use parts 1-9 as training set and
use part 10 as test set. Then in round two, we use parts 1-8 and
10 as training set and use part 9 as test set. We repeatedly do it
in such manner 10 times and average, precision, accuracy, and
MCC values from that 10 rounds to compare performance of
each classification technique.

73 P

train

Fig. 3. Building and testing a model with10-folds cross validation.

IV. EXPERIMENTAL RESULTS AND DISCUSSIONS

To observe classification performance of the proposed
CART + resampling method on imbalanced data, we firstly
analyze its precision on classifying minority cases as
compared to the classification on the majority cases. The
results are shown in Fig. 4. It can be noticed from the results
that resampling can help improving classifying data in the
minority class as well as yielding good precision on the
majority class. It is true in almost all datasets, except the
segment dataset that even though resampling can improve
the precision of classifying majority cases, the precision on
classifying minority cases is still low, comparative to the
bagging technique. From observing precision on predicting
minority and majority classes, we can conclude that CART +
resampling performs well on four out of five datasets.
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TABLE [II: OVERALL ACCURACY FOR EACH CLASSIFICATION TECHNIQUE ON
DIFFERENT DATASETS
Dataset Decisio  CART AdaBoost  Bagging CART +
n Tree Resamplin
g
Pima 73.8281 75.3906  74.349 75.2604  78.5156
Yeast 75.2022  75.7412  74.3935 76.5499  80.6604
Vehicle 93.2624  93.1442  89.8345 94.3262  95.3901
Decision CART AdaBoost  Bagging CART +
Tese i) Segment 99.1334  99.4801 993934  99.4801  99.4801
= Pima-minority  ® Pima-majority
Page-blocks  97.2222  97.1491  94.3896 97.6608  97.6425

(a) Pima dataset

e
gg TABLE IV: MATTHEWS CORRELATION COEFFICIENTS FOR EACH CLASSIFIER
o ON EACH DATASET
06 il Dataset Decisio  CART AdaBoost  Bagging CART +
05 n Tree Resamplin
04 g
% Pima 0.417 0.444 0.417 0.441 0.566
% 1 L | law i L Yeast 0360 0379 0360 0391 0.507
Deci: CART AdaBoo Baggi CART
ol e Vehicle 0815 0817 0704 0.847  0.866
= Yeast-minority  ® Yeast-majority Segment 0.964 0.979 0.975 0.979 0.979
(b) Yeast datsset Pageblocks  0.847 0841 0.660 0870 0871
P | |
1
0.95 T T I |
— S——— W — 100
09
— — —— i 95
085 4~ —
P - *I e 90
08
g = — - 8 v
0.75 +
Decision CART AdaBoost  Bagging CART + 0 YU
Tree Resampling
= Vehicle-minority = Vehicle-majority 7 ﬁili II
(c) Vehicle dataset 70 += - =
Pima Yeast Vehicle Segment Page-blocks
wDecisionTree  WCART AdaBoost wBagging ™ CART + Resampling

Fig. 5. Overall classification accuracy of the studied CART + Resampling
method compared against other four methods

=
09

08+ _-
07 _—

Decision CART  AdaBoost Bagging CART+ och SR EER" |

Tree Resampling -
Pima Yeast Vehicle Segment  Page-blocks

= Segment-minority ™ Segment-majority 04
03
02
0.1

o

(d) Segment dataset

mDecision Tree (W CART = AdaBoost mBagging ® CART + Resampling

Fig. 6. Class imbalanced classification based on the Matthew correlation
coefficient metric of each classification method on different datasets.

We then check the overall accuracy performance of the

Decision CART AdaBoost Bagging. CART + % 5
Tree Resampling CART + resampling method. The results are summarized

mPigecbiock ' Page-blocks-ajority and illustrated in Table III. The graphical comparison is also

shown in Fig. 5. By ignoring importance of minority versus
majority and just evaluate the overall predictive accuracy,
we find that our proposed method performs almost the best
in every dataset, except in the page-blocks dataset that

(e) Page-blocks dataset

Fig. 4. Precision by class and by dataset of the CART + Resampling method
to other classificati hod:
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bagging method is a little bit better with insignificant
difference.

To take into account both precision on predicting minority
and majority classes as well as penalty on misclassification,
we compare the models’ performance with the MCC metric.
The results are illustrated in Table IV and graphically shown
in Fig. 6. When consider both correct and incorrect
classification cases, we can now clearly see the power of
CART + resampling method as it performs the best in every
dataset.

V.CONCLUSION

To improve the performance of imbalanced data
classification using tree learning algorithms, we can apply the
method or technique to improve accuracy by resample the
datasets. For classifying categorical and numerical data,
classification and regression tree (CART) algorithm is
renowned for better classifying imbalanced data than normal
decision tree. We propose in this work that we can further
improve the performance of CART by handling the
imbalanced data through the resampling technique.

The experimental results show that our proposed technique
can help improving classification performance when several
measurements including precision by class, overall accuracy,
and Matthews Correlation Coefficient (MCC). The MCC
metric is the most discriminative measurement confirming the
power of resampling when applied to the CART algorithm.
This method has been proven work well on datasets with
numerous imbalanced ratios (IR); in our experiments the IR
ranges from 1.87 up to 8.79. We notice that the CART +
resampling is extremely powerful when IR is lower than 4.

For future work, we plan to further our investigation that
how much data is enough to effectively represent the whole
dataset. Such knowledge can facilitate our application of
bootstrapping for under-sampling and over-sampling as well.
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