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A dominant hyperrectangle generation technique of
classification using |G partitioning

Hyeong-il Lee*
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Abstract

NGE (Nested Generalized Exemplar Method) can increase the performance of the noisy data at
the same time, can reduce the size of the model. It is the optimal distance-based classification
method using a matching rule. NGE cross or overlap hyperrectangles generated in the learning has
been noted to inhibit the factors. In this paper, We propose the DHGen(Dominant Hyperrectangle
Generation) algorithm which avoids the overlapping and the crossing between hyperrectangles,
uses interval weights for mixed hyperrectangles to be splited based on the mutual information. The
DHGen improves the classification performance and reduces the number of hyperrectangles by

processing the training set in an incremental manner.
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The proposed DHGen has been successfully shown to exhibit comparable classification
performance to k-NN and better result than EACH system which implements the NGE theory

using benchmark data sets from UCI Machine Learning Repository.

» Keywords : Case-Based Learning, Nested Generalized Exemplar

Based Learning, Information Gain
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bupa 0.61 0.44 0.64 0.64 0.57
cleveland 0.53 0.45 0.58 0.49 0.40
glass 0.73 0.50 0.66 0.69 0.62
haberman 0.66 0.68 0.68 0.64 0.72
irs 0.93 0.92 0.96 0.94 0.95
newthyroid 0.97 0.91 0.95 0.95 0.91
pima. 0.70 0.65 0.73 0.64 0.61
wine 0.95 0.85 0.96 0.94 0.94
wisconsin 0.95 0.87 0.96 0.94 0.95
o 0.78 0.70 0.79 0.76 0.74

3 dug&el BNGE, RISE, DHGen< Hlasiith, A



Huols

M

& ol &3 RV AA 2d9w 7 155

& DHGen 31 7ipollA] @A 2439 (rule) 9] 7
& £9°m, 53] iris, newthyroid, wine, wisconsin®]
A% 3% o] 285 H A7t vlg- ol TEAQ] Aoz

UERge.

7. FUmE R

Table 7. number of hperrectangles

\q%'li\l\
BNGE RISE DHGen
%-_I'—EEI
bupa 184.3 201 324
cleveland 1259 161.7 99.1
glass 78.5 922 211
haberman 2124 1324 33.0
iris 12 371 12.0
newhtyroid 173 339 17.2
pima. 3269 439 64.3
wine 10.9 29.7 16.0
wisconsin 66.3 1829 619
g 114.9 101.6 39.6
V.4 &

2
9 o 7 2

o
=
L5 slo] £F A B2

< Holxu ). 3 BNGES} RISE
2 35% AT W HolAu 2Ywd
B3t Mol doire 2zt 79.3, 6270 FER AAH &
At} £3] iris, newthyroid, wine, wisconsin®| 2% 4
S ] 2E9H ST g 9 ZloR Uit

mt
2t

i)

(1) Aha, D.W. et al, ‘“Instance-Based Learning
Algorithms.
37-66. 1991.

(2) D. Zaharie, L. Perian, V. Negru, "A View Inside
the Classification with Non-Nested Generalized
Exemplars,” IADIS European Conference on Data
Mining, 24-26 July, Rome, Italy, pg.19-26, 2011

Machine Learning,” Vol. 6, pp

(3] kyoung-jae, kim, “Prediction of KOSPI using
Data Editing Techniques and Case-based

Reasoning,” Journal of the Korea Society of

Computer and Information, v.12, no.6,
pp.287-295, 2007

(4) Jeong-hoon, Seu, "The Study for Traffic Signal
Control Expert System using Case-based system
and Rule-based system,” Journal of the Korea
Society of Computer and Information, v.11, no.2,

pp.121-129, 2006.

(5] Wettschereck, D. and Dietterich, T.G., "An
Experimental Comparison of the Nearest-Neighbor
and Nearest-Hyperrecyangle Algorithms,” Machine
Learning, Vol. 19, pp. 1-25, 1995.

(6] Wettschereck, D., “A hybrid nearest-neighbor
and nearest  hyperrectangle  algorithm,”
Proceedings of European Conference on Machine
Learning, Springer Verlag NY, eds. F.
Bergadano, L. De Raedt pp. 323-335, 1994.

(7] P. Domingos, “Unifying instance-based and
rule-based induction,"Machine Learning, vol.
24, pp. 141-168, 1996.

(8) Lee-sang, Jeong, Chang-seung,Ha, "A Study on

the Design and Implementation Human Resource

Dispatch System of Using Case Based
Reasoning,” Journal of the Korea Society of
Computer and Information, v.12, no.3,

pp.95-103, 2007.
(9) Xiang Y, Jin R, Fuhry D, Dragan F, “Summarizing
with  overlapped
hyperrectangles.” Data Min Knowl Discov 23(2),
pp.215-251, 2011.

(10) S Garcia et al, “A First Approach to Nearest
Hyperrectangle Selection by Evolutionary
Algorithms,” Proc. of 9th Intern. Conf. on
Intelligent System Design and Applications,
Pisa, Italy, pp.517-522, 2009.

(11) A. Asuncion and D. Newman, “UCI machine learning

2007. http://www.ics.uci.edu/
mlearn/MLRepository.html

(12) D. R. Wilson and T. R. Martinez, “Tmproved

heterogeneous distance functions,” Journal of

transactional  databases

repository,”



156 Journal of The Korea Society of Computer and Information January 2014

Artificial Intelligence Research, vol. 6, pp.
1-34, 1997.

IR ]|
ol & 2

1985: Ak
AR B,
1994: WAt

ARETL B,

PRk 7AERE, Pltield e,
ARG
Email : hilee@kimpo.ac.kr



