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Abstract

The paper proposes a prototype selection method and evaluates the generalization performance of standard algorithms
and prototype based classification learning. The proposed prototype classifier defines multidimensional spheres with variable
radii within class areas and generates a small set of training data. The nearest-neighbor classifier uses the new training
set for predicting the class of test data. By decomposing bias and variance of the mean expected error value, we compare
the generalization errors of k—nearest neighbor, Bayesian classifier, prototype selection using fixed radius and the proposed
prototype selection method. In experiments, the bias-variance changing trends of the proposed prototype classifier are
similar to those of nearest neighbor classifiers with all training data and the prototype selection rates are under 27.0% on
average.
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Table 2. Selected benchmark classification problems.
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H o] ¢ =7 &4 4 | Nomedc | Nominal | gg. 4 | AF
Car 1,728 6 0 6 4 1.2
DNA 2,000 180 0 180 3 0.3
Heart 270 13 13 0 2 1.0
Pendigits 7,494 16 16 0 10 1.0
Satimage 6,435 36 36 0 7 0.3
Segment 2,310 19 19 0 7 0.3
Twonorm 7,400 20 20 0 2 2.7
USPS 9,298 256 256 0 10 1.0
Vowel 990 13 13 0 11 0.3
Wine 178 13 13 0 3 1.0
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Table 3. Model representing optimal generalization performance for the selected problems.
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A9 o)% 1R HAE )6t A k=
H o] § | o] X] ¢k ZZEES A9 ZZEEY A
k [d3d | HAY | #4 | k | A8 | HY | B4 | k | oFEH | HY | EA
Car 0.066 7 0.05 | 0.036 | 0.009 1 0.04 | 0.033 | 0.007 11 0.05 | 0.042 | 0.007
DNA 0.045 15 0.23 | 0202 | 0.026 1 0.08 | 0.068 | 0.010 15 0.17 | 0.163 | 0.010
Heart 0.088 13 0.16 | 0.152 | 0.012 1 0.06 | 0.046 | 0.009 9 0.18 | 0.176 | 0.006
Pendigits 0.061 1] 001 | 0007 | 0.001 1| 010 | 0082 | 0016 1| 002 | 0013 | 0002
Satimage 0.103 51| 011 | 0105 | 0.010 1| 009 | 0073 | 0013 3] 011 | 0103 | 0.006
Segment 0.108 1 0.04 | 0.041 | 0.004 1 0.09 | 0074 | 0.015 1 0.05 | 0.046 | 0.005
Twonorm 0.010 11 0.03 | 0.027 | 0.003 1 0.05 | 0.041 | 0.008 15 0.03 | 0.024 | 0.001
USPS 0.109 5 0.03 | 0.026 | 0.001 1 0.10 | 0.081 | 0.016 1 0.04 | 0035 | 0.004
Vowel 0.188 1 0.06 | 0048 | 0.014 1 0.11 | 0.091 | 0.017 1 0.04 | 0.033 | 0.007
Wine 0011 | 11 | 004 | 0037 | 0.004 1| 008 | 0069 | 0011 1| 003 | 0030 | 0004
x4 ME EHof st =2 EEQ] MEY AZinl =2 EERQ!
Table 4. Time of prototype selection and number of prototype for the selected problems.
ZZEEY] AE AZHR) ZZEEY F
gy | LIH [Tag wAE e Agkare 4 BAE % A
ZZEEY A ZZEEY A9 ZZEES] A9 ZZEESQ A
Car 1,728 16.1 16 4.2% 6.7%
DNA 2,000 22.9 15 26% 73.8%
Heart 270 0.2 0.2 3.9% 25.1%
Pendigits 7,494 656.8 68.6 9.7% 5.8%
Satimage 6,435 1644 184 0.4% 24.8%
Segment 2,310 31.8 72 10.5% 12.1%
Twonorm 7,400 627.6 51.7 4.4% 65.5%
USPS 9,298 609.9 487 0.9% 21.8%
Vowel 990 12 0.2 9.8% 15.0%
Wine 178 0.2 0.1 10.1% 25.8%
ZZEHS] & 3T 565% 27.64%
¥ 4= A9E wixvia EAlo] g3 22 EE A W& BH Car, DNA, Satimage, Twonorm, Vowel, L
8 A9} deE meREgel Folvh A9 AR eln Winedl A AlRbel daewe] B dFecl ®
B A I el Akl WHMEY Ee gtk 23 Ak ZREBYS AHEE Hg o
AZEe YERTE ol 1A WHAE 7|k WhellA = % dag]Fe] Aato] AA HolHE AREE HEF o
2REQ 74 A ZREEY O] REEs dold 2d £ dusn 1—44 2ol BAlol A YA bt of
259 HolHES X3 5 o] ZREEY A 3 2gk o]fr= AlF WHE vlo|H o] #EF Y &
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Adrkn BAEY Z2EES) e At W
ol A PendigitsS 11]94"6}1 o] E oA T V. 2 =
EEY 7 =4 UEa ole Folxl F™ o] <]
£rs weelel 9 iw EREENTEREE £ ErdAE 27 0% g olge: ZrEe
ZRREe T wielth Ed B AW B A€ gy Adeln wE ot mu Qi)
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A ol E AT AT o LnAFH AL A ol ol ARk B vnE gAY
she ZREEYS AEE A2 o LnFL ¥ mo] EWHQ sy Al 9 & Atk ey 24

(1799)



80

37HA

oFal=

799
I 2 EE
H

=

Nl

L

2ate)

1%

REFERENCES

[1] X. Wu et al, “The top ten dlgorithms in data
mining,” CRC Press, 2000.

T. Hastie, R. Tibshirani, and J. Friedman, “The
Elements of Statistical Learning: Data Mining,”
Inference, and Prediction, Springer Series in
Statistics, 2001.

J. Arturo Olvera-Lopez, ]J. Ariel Carrasco-Ochoa,
J. Francisco Martinez Trinidad, and ]. Kittler,
“A review of instance selection methods,” Artif.
Intel. Rev Vol. 34, No. 2, pp. 133-143, Aug.
2010.

P. Flach, “Machine Learning, The Art and
Science of Algorithms that Make Sense of
Data,” Cambridge University Press, 2012.

R. Kohavi, D. H. Wolpert, “Bias Plus Variance
Decomposition for Zero-One Loss Functions,”
In Proceedings of the Thirteenth International
Conference on Machine Learning, 275-283, 1996.
P.  Domingos, “A  United  BiasVariance
Decomrposition for Zero-One and Squared Loss,” In
Proceedings of the Seventeenth National Conference
on Artificial Intelligence, 231-238, 2000.

J. Bien and R. Tibshirani, “Prototype selection
for interpretable classification,” The Annuals of
Applied Statistics Vol. 5, No. 4, pp. 2403-2424,
Dec, 2011.

D. S. Hwang, “Performance Improvement of
Nearest-neighbor Classification Learning
through Prototype Selection,” Journal of The
Institute of Electronics Engineers of Korea, Vol
49(2)-CI, pp. 53-60, Mar. 2012.

[9] F. Angiulli, “Fast Nearest Neighbor Condensation

[2]

[3]

[4]

[6]

[7]

(1800)

HAE 2

for Large Data Sets Classification,” IEEE
Transactions on Knowledge and Data Engineering,
Vol. 19, No. 11, pp. 1450-1464, Nov. 2007.

[10] D. Marchette, “Class cover catch digraphs,” Wiley
Interdisciplinary Reviews : Computational Statistics
Vol. 2, No. 2, pp. 171-177, Mar. 2010.

[111R. Younsi, and A. Bagnall “An efficient
randomised sphere cover classifier,” Int. ]. of
Data Mining, Modelling and Management, Vol. 4,
No. 2, pp.156-171, Jan. 2012.

(121 S. W. Kim, “Relational Discriminant Analysis
Using Prototype Reduction Schemes and
Mahalanobis Distances,” Journal of The Institute
of Electronics Engineers of Korea, Vol. 43(1)-CI,
pp. 9-16, Jan. 2006.

[13] Dietterich, T. G and Kong, E. B, “Machine
learning bias, statistical bias, and statistical
variance o decision tree algorithms,” Technical
report, Department of Computer Science, Oregon
State University, 1995.

[14] UCI Machine Learning Repository,
http://archive.ics.ucl.edu/ml/

[15] The DELVE Manual,
http://www.cs.utoronto.ca/~deve/

[16] Stalog project,
http://www1.maths.leed.ac.uk/ charles/statlog/
indexdos.html



81

20154 108 MAES3 ==X HM52# H10%E
Journal of The Institute of Electronics and Information Engineers Vol.52, NO.10, October 2015

x KA 7Y

A M 2HIY)
20139 w=jsn
HE] v ] o] ¥ 8} 3} (- SFA})

20154 o= of 3k
AAA I (F A AL

ARLE A S o] A

19903 S digw
AlLtE Al sk} o] 3FA A}
20033 Wayne State University
HFEH T8t %fi.”i-”\}

o

AA W et e ety Fu

<F WA EoF : Machine Learning, Image Proces
sing, Parallel Processing> A d=dstn Fo sty BRaugs
<F 4 FoF : Machine Learning, Parallel Proc
essing, Semantic Web>

(1801)



