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Ensemble Learning of Region Based Classifiers

Sungha Choi" - Byungwoo Lee" - Jihoon Yang™

ABSTRACT

In machine learning, the ensemble classifier that is a set of classifiers have been introduced for higher accuracy than individual
classifiers. We propose a new ensemble learning method that employs a set of region based classifiers. To show the performance of the
proposed method, we compared its performance with that of bagging and boosting, which ard existing ensemble methods. Since the
distribution of data can be different in different regions in the feature space, we split the data and generate classifiers based on each region
and apply a weighted voting among the classifiers. We used 11 data sets from the UCl Machine Learning Repository to compare the
performance of our new ensemble method with that of individual classifiers as well as existing ensemble methods such as bagging and

boosting. As a result, we found that our method produced improved performance, particularly when the base learner is Naive Baves or SVM.

Key Words : Machine Learning, Ensemble. Bagging. Boosting
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el 42t e 3 e, T ¢ =, +¢, d& & F SUTh (E 1> 2t B¢ ol W o Hjofefofl ChEH Z&H=(Naive Bayes)
6= e, +e,0] AHEE Roly] YA ¢, =€ Ay =6, Naive Bf{yes Level 1 Level 2 Level3
2 Hol: Hog 2R3 o)A o]F Ho|wE slAr) Data Set
. . XOR 60.00 72.00 94.00
Zold S&olmalE fo] RAE & 9= A 27k :
Foldl Gwdaels Lol 28 4 3 }: gabell A Balance-Scale 9038 87.36 9083
hol Dol e Ade 22 ghe W JME A% Glass 5561 6495 7151
g olgt stxh 2e¥ peH, 948 ¢4 5 Atk gkt fonosphere 8291 91.74 92.59
] ) Iris 9.00 96.67 %67
Hyol &3t M85 b7t D Mol dakel
| &3t 7 b Dyl ke Llrgj © Pima 76.27 75.23 711
71 Wstd Dol WEl A= o e A e A= He b Satlmage 7973 79.28 78.40
Agol7] wioltt F Ao &8 ZE NAES Dol Segment 81.67 89.27 89.87
Spambase 79.53 78.66 80.42
A b 22 AR G 7] gEol ¢, 9 oS 2zt
iH}HO f]rﬁ A% &2 27 A e o) AHE 2 Vehicle 16.34 6631 72.46
= Ae 4 g sl Waveform 80.22 80.48 81.44
A7NM e, <, ol2hal THABE] Hak 2w 7hAel ¢ Wdbe 93.85 9385 95.08
 sgEdued Lo] 4%  Adv 7HEFdE Do
FoAHE W Dot e, o AYE ZE H,S FobA & (B 2 z+ 22 oo mE s ColEof CHeh MetE (SMO
=u grep 2athel Fol7 Conditiond] 93 e, <e, 9 with Linear Kernel)
A e & Zte 7HES MEsA] ¥3 axt 4T F& D;lz\l/l(;et Level 1 Level 2 Level3
e, 9 AEE Ze Hy o 7HES ddE Fol7] wiolth XOR 54.00 70.00 72.00
adeg g o Sate MR 24 e 9 g B Balance-Scale 87.63 89.76 89.44
Glass 60.75 6822 69.16
= 7S AMEsE Aol
= 7k #'z‘s‘_f;] f e lonosphere 91.45 92.8% 92.31
oM, Lo] ¥dd 4 Sl 7P F 7ol = Hmoﬂ o Iris 96.67 9733 9867
NS 2ANA 4ee & 5 Aok 2y Le 7t F Pima .M 7171 75.49
21 . — SatImage 87.49 87.64 88.82
B& W Hyol £t b2 ZopWoBR ol Qe
0173 ho ol &etis by S 3o - l= sl Segment 97 9327 9147
PRI R ey <ep ol disiME B g glnh ol2H Spambase 90.76 91.28 2.5
n<e e, <e,e BF AAYS & 4 Ak aER Vehicle 76.24 7955 8416
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= e and ey =9 & T A ?%Q%E}' 3 Wdbc .24 97.89 97.72
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< 717 SMO[14]9} C45[16]8 53 AAHEDE AME-sHRiTh
Ago] »d do]E= UCI Machine Learning Repositoryl2]
of & AAl dHeolHE 7Hgen AL 11719 ©lolH
Aol ] kit dolg Aol sk MHE <F >E F
a3k}

RBES] 452 #Zs] 9% vl@ yozt RBES
TASE ERVIES A4AIE W AR VIR g da
g5 9d  B{V, F2¥EE 7EE dugsd
AdaboostM1[9]0-2 7749 /715 AN e BF
7, W ZIEeE Al e FR71E AN e
71 283 3ol A =¥l v ol RBCE wlal dide
2 gto] B s wadsint ¥ =3l RBER o
Fote] 3eldzAl dlolE s R#ste]l TS ERVIE A4
A7) aEd 24 g s Fa"s wds 749
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o FZ/ dgolErloly AZEI ]
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Weka3[18]& AH&-stiar 718t 4= 71l AHg€

(E 3) Mo AFZE HOE Al

Data Set # example # # attribute
Name train test | class | disc. con.
BALANCE-SCALE | 625 |10-fold 3 none. 4
GLASS 214 | 10-fold{ 6 none. 9
IONOSPHERE 351 | 10-fold 2 none. 34
IRIS 150 | 10-fold| 3 none. 4
PIMA 768 | 10-fold 2 none. 3
SAT IMAGE 4435 | 2000 7 none. 36
SEGMENT 1500 310 7 none. 19
SPAM BASE 4601 | 10-fold 2 none. 37
VEHICLE 346 | 10-fold 4 none. 18
WAVEFORM 2000 | 10-fold 3 none. 40
WDBC 569 | 10-fold 2 none. 30
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(E 4> RBESt 2}

gt Ene] ME S H|W (Naive Bayes)

I;i?ABg}yﬁ? Single | vs RBE Ada-7 | vs RBE Bagging | vs RBE RBC |vs RBE
BALANCE-SCALE | 89.92 | 8863 X 89.76 | 8363 89.60 | 8363 88.00 | 88.63
GLASS 4745 | 5632 | O 4792 1 56.32 0 4885 | 56.32 | O | 61.06 | 56.32 X
IONOSPHERE 8291 | 89.75 0 91.76 89.75 X 82.91 89.75 0O 89.21 89.75
IRIS 96.00 | 96.67 96.67 96.67 9533 | 9667 | O 9533 | 96.67 | O
PIMA He2 | 76.15 75.83 76.15 5.7 76.15 72.37 76.15 O
SATIMAGE 7960 | 80.75 0 79.85 80.75 79.70 80.75 78.30 80.75 0O
SEGMENT 77104 | 89.63 O 77.04 89.63 0 76.67 89.63 0 89.51 89.63
SPAMBASE 7950 | 79.87 7950 79.87 79.90 79.87 79.39 79.87
VEHICLE 46.28 | 69.83 O 46.28 69.83 O 46.52 69.83 O 67.21 69.83 O
WAVEFORM 3002 | 82.66 | O 80.02 | 82.66 0 3006 | 82.66 | O 3068 | 8266 | O
WDBC 93.33 | 93.50 95.96 | 9350 X 9298 | 93.50 94.03 | 9350
(# 5) RBESt Z+ WHEDS MEE H|W (SMO with Linear Kernel)
D A'?XI%ET Single | vs RBE Ada-7 | vs RBE Bagging | vs RBE RBC vs RBE
BALANCE-SCALE | 8732 89.28 0 8752 89.28 0 37.84 89.28 (0] 88.16 89.28 O
GLASS 539 61.51 (@] 53.14 61.51 (0] 53.92 61.51 (6] 59.24 61.51 (6]
IONOSPHERE 83.03 88.91 87.78 88.91 (6] 87.47 88.91 0 87.77 88.91 (0]
IRIS 96.67 95.33 X 98.00 95.33 X 96.00 95.33 96.00 9.33
PIMA 77.19 76.81 77.19 76.81 76.80 76.81 74.19 76.81 ¢}
SATIMAGE 85.05 86.40 (0] 8>.30 86.40 (0] 84.95 86.40 (6] 36.15 86.40
SEGMENT 92.72 92.59 92.72 92.59 93.09 92.59 93.46 92.59 X
SPAMBASE 90.39 91.87 (6] 90.83 91.87 91.14 91.87 91.76 91.87
VEHICLE 74.55 77.16 ¢} 74.43 77.16 (6] 73.95 77.16 0 77.40 77.16
WAVEFORM 86.60 36.56 86.60 86.56 86.34 86.56 8.74 86.56
WDBC 97.89 97.54 97.89 97.54 97.89 97.54 95.97 97.54 0
(E 6y RBES} Z+ dHEmte| MEIE H[W (C45)
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