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Abstract

In the literature there are several proposals of
prototype selection algorithms. These algo-
rithms follow different strategies or heuristics,
being the evolutionary one of them. In this pa-
per we analyze the behaviour of the evolution-
ary prototype selection strategy, considering
a complexity data set measure based on class
separability. The study has as objective the
prediction of when the evolutionary prototype
selection is effective for a particular problem,
using the class separability measure.

1 Introduction

The nearest neighbour rule is a classical su-
pervised classification method used in pattern
recognition [15]. The nearest neighbour classi-
fier try to predict the class of a new prototype
computing the euclidean distance between it
and every prototype previously stored, and
considering as response the class of the nearest
one (in the case on 1 nearest neighbour).

The prototype selection (PS) is a classic su-
pervised learning problem where the objective
consist on, using an input data set, find those
prototypes which improve the accuracy of the
nearest neighbour classifier [17]. More for-
mally, let’s assume that there is a training set
T which consists of pairs (xi, yi), 1 = 1, ...,
n, where X; defines input vector of attributes
and y; defines the corresponding class label.
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T contains n samples, which have m input at-
tributes each one and they should belong to
one of the ¢ classes. Let S T be the subset
of selected samples resulted for the execution
of an prototype selection algorithm algorithm.

There are many proposals of prototype se-
lection algorithms [20, 7]. Those methods fol-
low different strategies for the prototype se-
lection problem, and offer different behaviour
depending of the input data set.

One of those strategies or heuristics are the
evolutionary algorithms. Evolutionary Algo-
rithms (EAs) ([1, 6]) have been used to solve
the PS problem in [3, 10, 16] with promising
results. The EAs algorithms are very effec-
tive in their use but they are not very efficient
in execution time, so it would be interesting
to characterize the input data sets to improve
their use.

In the literature there are studies of the
properties of the data sets, where the au-
thors present complexity measures to charac-
terize them [9, 18]. Mollineda et al. in [12]
presents a previous work where they analyze
the complexity measures of overlap and non-
parametric separability considering the Wil-
son’s Edited Nearest Neighbor [19] and the
Hart’s Condensed Nearest Neighbour [8] as
prototype selection algorithms.

In this study we are interested in the pre-
diction of when the evolutionary prototype se-
lection is effective for a particular problem, us-
ing the class separability measure suggested in



58

[12].

In order to do that, the paper is set out
as follows. Section 2 is dedicated to describe
the evolutionary prototype selection strategy
and the algorithm which represents it in this
study. In Section 3, we present the complex-
ity measure considered. Section 4 explains the
experimentation study and deals with the re-
sults and their analysis. Finally, in Section 5,
we point out our conclusions.

2 Evolutionary Prototype Selection

Evolutionary Algorithms may be applied to
the PS problem ([3]) because it can be con-
sidered as a search problem. The application
of EAs to PS is accomplished by tackling two
important issues: the specification of the rep-
resentation of the solutions and the definition
of the fitness function.

o Representation: Let’s assume a data set
denoted T' with n instances. The search
space associated with the instance selec-
tion is constituted by all the subsets of T'.
A chromosome consists on the sequence
of n genes (one for each instance in T)
with two possible states: 1 and 0, mean-
ing that the instance is or not included in
the subset selected respectively.

e Fitness function: Let S be a subset of in-
stances of T to evaluate and be coded by
a chromosome. We define the fitness func-
tion that combines two values: the classi-
fication performance (clasper) associated
with S and the percentage of reduction
(percred) of instances of S with regards
to T

Fitness(S) = a-clasper+(1—a)-percred.

(1)
The 1-Nearest Neighbour (1-NN) classi-
fier is used for measuring the classifica-
tion rate, clasper, associated with S. It
denotes the percentage of correctly classi-
fied objects from T using only S to find
the nearest neighbour. For each object y
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in T, the nearest neighbour is searched for
amongst those in the set S\{y}. Whereas,
percred is defined as:

percred =100 - (|[TR| — |S])/|TR|. (2)

The objective of the EAs is to maximize
the fitness function defined.

As evolutive algorithm we have selected the
CHC [5] considering its behaviour in [3]. Dur-
ing each generation the evolutionary instance
selection CHC (EIS-CHC) develops the follow-
ing steps:

1. It uses a parent population to generate
an intermediate population of individuals,
which are randomly paired and used to
generate potential offspring.

2. Then, a survival competition is held
where the best chromosomes from the
parent and offspring populations are se-
lected to form the next generation.

EIS-CHC also implements a form of hetero-
geneous recombination using HUX, a special
recombination operator and a method of in-
cest prevention. No mutation is applied dur-
ing the recombination phase. Instead, when
the population converges or the search stops
making progress (i.e., the difference thresh-
old has dropped to zero and no new offspring
are being generated which are better than any
members of the parent population) the popu-
lation is reinitialized to introduce new diver-
sity to the search. The chromosome represent-
ing the best solution found over the course of
the search is used as a template to reseed the
population. Reseeding of the population is ac-
complished by randomly changing 35% of the
bits in the template chromosome to form each
of the other new chromosomes in the popula-
tion.

The fitness function (see expression
1)combines two values: the classification
rate (using 1-NN) associated with S and the
percentage of reduction of instances of S with
regards to 7.
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3 Data Set Characterization Mea-
sure

The prediction capabilities of classifiers are
strongly dependent on data complexity.
That’s the reason why various recent papers
have introduced the use of measures to char-
acterize the data and to relate those charac-
teristics to classifier performance.

In [9], authors define some complexity mea-
sures for two classes. Singh in [14] offers a
review of data complexity measures and pro-
poses two new ones. Dong et al. in [4] pro-
pose a feature selection algorithm based in a
complexity measure defined by Ho. In [11],
Li et al. analyze some omnivariate decision
trees using the measure of complexity based in
data density proposed by Ho. Authors in [2]
define specific measures for regularized linear
classifiers, using the Ho measures as reference.
Mollineda et al. in [12] extend some Ho’s mea-
sure definitions for problems with two or more
classes. They analyze these generalized mea-
sures in two classic PS algorithms and remark
that the Fisher’s discriminant ratio is the most
effective for PS.

According to their conclusions, we have con-
sider that measure to study the behaviour of
evolutionary prototype selection. In this sec-
tion we present the Fisher’s discriminant ratio,
which is based in class separability.

The plain version of Fisher’s discriminant
ratio offered by Ho et al. ([9]) computes how
separated are two classes according to a spe-
cific feature. It compares the difference be-
tween class means with the sum of class vari-
ances. Fisher’s discriminant ratio is defined as
follows:

_ (1 —p2)®
= oot ©

where 1, pe, 03, o5 are the means and the
variances of the two classes respectively.

A possible generalization for C classes is
proposed by Mollineda et al. ([12]), and con-
siders all feature dimensions. Its expression is
the following:
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where n; denotes the number of samples in
class i, J is the metric, m is the overall mean,
m; is the mean of class ¢, and mf represent the
sample j belonging to class . Smaller values
of this measure indicates that classes present
strong overlap.

F1

4 Experimental Study

To analyze the EIS-CHC behaviour we include
in the study two classical prototype selection
algorithms, which will be described in Section
4.1. In the Subsection 4.2 we present the algo-
rithm’s parameters and data sets considered.
Subsection 4.3 contains the results and Sub-
section 4.4 their analysis.

4.1 Prototype Selection Algorithms

The classical PS algorithms used in this study
for the comparison are:

e Edited Nearest Neighbor (ENN) [19].
Wilson developed this algorithm which
starts with S = 7T and then each in-
stance in S is removed if it does not agree
with the majority of its k nearest neigh-
bors. ENN filter is considered the stan-
dard noise filter and is usually employed
as a noise filter previous stage of many
algorithms.

e Condensed Nearest Neighbour (CNN) [8].
It begins by randomly selecting one in-
stance belonging to each output class
from T and putting them in S. Then,
each instance in T is classified using only
the instances in S. If an instance is mis-
classified, it is added to S, thus ensuring
that it will be classified correctly. This
process is repeated until there are no in-
stances in 7" that are misclassified.

4.2 Data Sets and Parameters

The experimental study is defined in two as-
pects: Data sets and algorithm’s parameters.
They are as follows:
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e Data Sets: The data sets used have been
collected from the UCI repository [13] and
their characteristics appear in Table 1.
The features in the data sets conserve
their original values, without normaliza-
tion.

e Parameters: The parameters are chosen
considering the authors suggestions in the
literature. For each one of the algorithms
are:

— CNN: It hasn’t parameters to be
fixed.

— ENN: Number of neighbours=3.

— EIS-CHC': evaluations=10000, pop-
ulation=50 and a=0.5.

The algorithms have been executed one time
for each partition in the ten fold cross valida-
tion. The measure F1 is calculated over the
whole data sets in ten fold cross validation too.

4.3 Results

The results are presented using the following
table structure:

e In the first column we offer the name
of the data sets, ordered considering the
measure F1.

e The second column contains the measure
F1 associated to the whole data set in in-
creasing order.

e The third column contains the 1-NN test
accuracy rate considering the whole data
set, without PS. Between brackets ap-
pears the percentage of reduction over the
original data set (obviously it conserves
the 100% of the initial data set).

o Columns fourth, fifth and sixth present
the 1-NN test accuracy using ENN, CNN
and EIS-CHC respectively. In the same
way that in the previous column, between
brackets the percentage of reduction is of-
fered.
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In Table 2 we present the results, where
the values in bold indicate the test accuracy
rates equal or bigger than the offered by the
1-nearest neighbor using the whole data set
(Without PS).

4.4 Analysis

Analyzing the Table 2 we can point out the
following:

e The EIS-CHC algorithm outperforms the
1-NN (called Without PS in the table of
results) when F1 is small. It presents the
best accuracy rates in all data sets with
the strongest overlaps.

e These behaviour is similar for those data
sets with high F1 (weak overlap). EIS-
CHC shows a interesting behaviour when
F1 is small or high, for strong and weak
overlaps.

e When F1 has a medium value, the EIS-
CHC presents similar accuracy rates than
the 1-NN, being its reduction capabilities
the maximal ones.

e Paying attention to the relation between
F1 and the behaviour of the EIS-CHC,
we can point that the use of this measure
can help us to decide when the use of EIS-
CHC improves the accuracy rates of 1-NN
classifier in a concrete data set, previously
to its execution.

With these results on mind, we could ana-
lyze the F1 measure in a new data set and if
small or high, we can use the EIS-CHC as PS
algorithm to improve the accuracy rate and
get the maximal reduction in the training set.

If F1 is medium, the accuracy rate offered by
the EIS-CHC is similar than the Without PS
and the classical PS algorithms, but it main-
tains its maximal reduction capabilities.

5 Concluding Remarks

This paper addresses the analysis of the evolu-
tionary prototype selection considering a com-
plexity data set measure based on class sepa-
rability, with the objective of the prediction of
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Table 1: Data Sets.

Instances Features Classes
Bupa 345 6 2
Ecoli 336 7 2
Iris 150 4 3
Glass 214 9 6
Led24digit 200 24 10
Led7digit 500 7 10
Lymphography 148 18 4
Monks 432 6 2
Penbased 10992 16 10
Pima 768 8 2
Wine 178 13 3
Wisconsin 683 9 2
Satimage 6435 36 7
Thyroid 7200 21 3
Z.00 100 16 7

Table 2: Test accuracy rate and percentage of training instances sorted by the F1 measure.

F1  Without PS ENN CNN EIS-CHC

Thyroid 0.03 0.93(1) 0.94(0.93) 0.88(0.14) 0.94(0.01)
Lymphography 0.17  0.35(1) 0.47(0.38)  0.27(0.71)  0.4(0.04)
Bupa 0.17  0.68(1) 0.66(0.64)  0.63(0.42)  0.69(0.03)
Pima 0.22 0.70(1) 0.71(0.71)  0.6(0.37)  0.75(0.01)
Ecoli 0.24  0.82(1) 0.88(0.90) 0.85(0.12) 0.91(0.01)
Monks 0.36 0.95(1) 0.91(0.91)  0.84(0.23)  0.99(0.01)
Led24digit  0.47  0.15(1) 0.15(0.42) 0.25(0.67) 0.3(0.07)
Glass 0.74  0.57(1) 0.52(0.68)  0.52(0.41)  0.48(0.05)
Penbased 1.16  0.99(1)  0.99(0.99) 0.98(0.04)  0.96(0.01)
Led7digit 134 0.58(1) 0.66(0.74)  0.5(0.45)  0.64(0.03)
Wisconsin 1.35 0.94(1) 0.96(0.97) 0.97(0.07) 0.94(0.01)
Zoo 138 0.99(1)  0.99(0.92)  0.9(0.2)  0.99(0.09)
Satimage 147 0.90(1)  0.90(0.90) 0.88(0.15)  0.86(0.01)
Wine 182  0.72(1)  0.72(0.96) 0.72(0.15) 0.72(0.03)
Iris 2.66 0.93(1) 0.93(0.96)  0.93(0.09)  0.99(0.01)
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when the evolutionary prototype selection is
effective for a particular problem.

An experimental study has been carried out
using data sets from different domains and
comparing the results with classical PS algo-
rithms, having the F1 measure as reference.
The main conclusions reached are the follow-
ing:

e The EIS-CHC presents the best accuracy
rate when the input data set has strong or
weak overlapping. In addition, the EIS-
CHC is the one with the smallest subsets
selected among the PS algorithms.

e When the overlapping of the data set
is medium, the EIS-CHC has associated
similar accuracy rates than the 1-NN and
the ENN (the classic PS algorithm with
the best test accuracy rate), but its re-
duction rates are kept (higher than 91%
of the original data set).

As we have indicated in the analysis section,
the use of this measure can help us to evaluate
a data set previously to the evolutionary PS
process and decide if it is adequate or not to
improve the classification capabilities of the 1-
nearest neighbour.
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