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IS selects the relevant examples for a particular application, increasing

Ml the perfomances. AS result, the IS offers:

Less data = The algorithms learng faster

More accuracy = The classification algorithm improves its
generalization capabilties

More Interpretable results = The results are easier to understand
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The algorithms marked in green are available in KEEL software. The recent
proposals tagged in red will be incorporated soon. (www.keel.es)
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Execution : I-NN
Time(sec) e eniciion %Ac Trn | %Ac Test
H{ I-NN 46 04.19 94.18
1 y Con () 4 97.32 79.33 80.17
" Dropl (%) 254 96.72 78.00 76.85
215 89.57 88.62 88.62
" Drop3 (%) 338 96.25 89.03 85.44
o Enn 139 582 95.43 94.39
1b2 (%) 2 97.78 75.24 75.84
Tef (%) 386 90.04 76.77 76.68
Mes 101 2.66 95.96 94,38
Multied 1778 13.99 92.43 92.10
Renn 489 6.47 05.37 94.30
Ran (*) 13017 96.88 81.27 81.74
Shrink 206 4.89 95.19 94.38
Fsm 94 1.04 094,16 94.17
b3 (%) 42 71.67 91.49 92 61
Rimhe (%) 34525 90.02 91.50 91.15
Ennsr (*) 37802 90.02 92.79 92.75
GGA /66157 | 6253\ 9474 | /93.85\
85GA [ 34656 \| [ 62.91 95.00 |/ 93.67
\ 8072 JI\ 9929 9331 [\ 9353 |
D PRILf*) | \32942 /| \ 7313 / 96.23 \':'4 13
- 2 NS— S—~

'l"

Medi

10 (2

E s gt
h

k.

-|l" B
e J‘f‘m’

Y\ Rlels

/i



oA " 2.- Problem Descrij Ig-ion 4
. ; SI - | '

SUAERAREEI b

. Could 1t be diagnose the cases when the
Evolutionary Prototype Selection is Effective to
compensate its time cost?
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* Bayes error-based parametric and nonparametric approaches, entropy
/ measures, nonparametric estimation including k nearest neighbor, Parzen
estimation, etc.

e Scatter matrices.

* Information-theory-based approaches.

* Nonparametric methods.

* Overlap between individual attribute values: Fisher’s discriminant,
volume of overlap region, feature efficiency, etc..

* Measures of separability of classes: Linear Separability, Mixture
identificability, etc.

*Measures of Geometry, Topology and Density of manyfolds.
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Show that the complexity measures, and concretelly their
proposal of multiclass generalization of Fisher’s separablity
discriminant, as class separablity measure is usefull to distinguish
the effective use of classic instace selection algorithms.
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N p 3.- Coglplexi& hféasures

Fisher’s Discriminant: Measure of the overlap between two
1 - | classes considering the features of the instances.
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where:

* u, and p, are the means of the two classes.

* 8,2 and d,? are the variances of the two classes.

Small values of F1 represents high overlapping.
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| —-\,"-'? - | Multiclass Generalization of Fisher’s Separablity Discriminant:
Measure of the separability among the classes based in nearest
neighbor distance.
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donde:

e C 1s the number of classes

* n, the number of instances of class i

* O () 1s the metric
* m is the global mean of all the the instances
* m, is the mean of class 1

*Xlis the instance j which belongs to class i

B
~ | Small values of Fl indicate hlg paab111ty
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Table 1: Data Sets.
Instances Features Classes

Bupa 345 i 2
Ecol 336 T 2
Iris La0 4 3
(ilass 214 9 6
g — Led24digit 200 24 10
ooy Led Teigit 500 7 10
: "" Lymphography 148 18 4
i Monks 432 i3 2
a—a .
R Penbased 10992 16 10
- _&&* L Pima 768 8 2
— Wine 178 13 3
P — Wisconsin 683 ) 2
' ARIRT Satimage 6435 36 7
Thyroid 7200 21 3
Zon T

Parameters:

e CNN: Whitout parameters to fix.
* ENN: Number of Neighbors=3.
» EIS-CHC: Evaluations=10000, Population=50, a=0.5
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_ Table 2. Test accuracy rwld percentage of training mst.ancm; sorted by
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Thyroid
Lymphograph
Bupa
Fima
Ecoli
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0.94(0.03)
0.47(0.35)
0.66{0.64)
0.71(0.71)
0.88(0.00)
0.91{0.91)

0-33{0.143
0.27(0.71)
0.63(0.42)
0.6(0.37)
0.86(0.12)
0.84(0.23)
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Led24digit
Glass
Penbassed
Led7digit
Wistonsin
Zo
Satimage

Wine
Iris

7

0.15(1)
0.57(1)
0.99(1)
0.58(1)
0.94(1)
0.99(1)
0.90(1)
0.72(1)
0.93(1)

0.15(0.42)
0.52(0.68)
0.99(0.99)
0.66(0.74)
0.96(0.97)
0.99(0.92)
0.90(0.90)
0.72(0.96)
0.93(0.96)

0.256(0.67)
0.52(0.41)
0.98(0.04)
0.5(0.45)
0.97(0.07)
0.9(0.2)
0.88(0.15)
0.72(0.15)
0.93(0.09)

0.3(0.07)
0.48(0.05)
0.96(0.01)
0.64(0.03)
0.94(0.01}
0.99(0.09)
0.86(0.01)
0.72(0.03)
0.99(0.01)
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5.- Conclusions

 The evaluation of the original dataset using the
measure proposed by Mollineda et al. let us to
predict the effectivity of the Evolutionary
Prototype Selection.

* In data sets with small separability among
classes (small measure), the Evolutionary
Prototype Selection improves the accuracy
capability after they are used.

« When the separability 1s medium or high, the
effectivity of the Evolutionary Prototype
Selection appears in the reduction rate but not
clearly 1n the accuracy.

Workshop Knowlegde Extraction based on EAs (15-16 May, 2008)
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