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Abstract In supervised classification, a training set 7 is
given to a classifier for classifying new prototypes. In
practice, not all information in 7 is useful for classifiers,
therefore, it is convenient to discard irrelevant prototypes
from 7. This process is known as prototype selection,
which is an important task for classifiers since through this
process the time for classification or training could be
reduced. In this work, we propose a new fast prototype
selection method for large datasets, based on clustering,
which selects border prototypes and some interior proto-
types. Experimental results showing the performance of
our method and comparing accuracy and runtimes against
other prototype selection methods are reported.

Keywords Prototype selection -
Supervised classification - Instance-based classifiers -
Border prototypes - Data reduction - Clustering

1 Introduction

In Pattern Recognition, supervised classification is a pro-
cess that assigns a class or label to new prototypes using a
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set of previously assessed prototypes called training set,
denoted in this paper as 7.

In practice, T contains useless information for the clas-
sification task, that is, superfluous prototypes, which can be
noisy or redundant therefore a process to discard them from
T is needed. This selection process is known as prototype
selection. The main goal of a prototype selection method is
to obtain a set S C T such that S does not contain super-
fluous prototypes.

Through prototype selection, the training set size is
reduced, which could be useful for reducing the runtimes in
the classification process, particularly for instance-based
classifiers when they use large datasets.

There are two strategies [1, 2] for reducing the training
set:

1. Selection. Some prototypes from T are retained while
ruling out those that do not contribute significantly to
the classification accuracy.

2. Replacement. The original dataset is replaced by some
labelled prototypes that do not necessarily coincide
with some prototypes in T.

In particular, the prototype selection method proposed in
this paper will follow the first strategy.

Definition 1 The prototype p; € T is a border prototype
for the class C; if p; € C; and p; is the Nearest Neighbor of a
prototype from another class C;, # C;.

Definition 2 The prototype p; € T is an interior prototype
for the class C; if p; is not a border prototype.

In a training set, the border prototypes of a class provide
useful information to the classifier for preserving the class
discrimination regions [3, 4]. On the other hand, interior
prototypes of a class could be less useful. The aim of this
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paper is to present a new fast prototype selection method
which finds and selects border and interior prototypes. Our
method will use clustering for selecting border and interior
prototypes.

In order to show the performance of our method, we
present an experimental comparison between our method
and some other prototype selection methods using the
obtained prototype sets as training for the k-NN (k-Nearest
Neighbors) [5], Locally Weighted-Linear Regression
(LWLR) [6], Support Vector Machines (SVM) [7-9], deci-
sion trees (C4.5) [10] and NB (Naive Bayes) [11]
classifiers. In addition, we report the runtimes for each
method in order to show that our method is faster than the
tested prototype selection methods, which confirms the
advantage of the new method and its utility for large
datasets, where prototype selection is more useful.

This paper is structured as follows: in Sect. 2, some
works related to prototype selection are described. Section
3 introduces our method for prototype selection. Sect. 4
shows experimental results. Finally, Sect. 5 contains con-
clusions and directions for future work.

2 Related work

Several methods have been proposed for solving the pro-
totype selection problem, in this section, some of the most
relevant methods are briefly described.

The Condensed Nearest Neighbor (CNN) [12] and the
Edited Nearest Neighbor (ENN) [13] rules are two of the
first prototype selection methods. The CNN method starts
with S = J and its initial step consists in randomly
including in S one prototype belonging to each class. Then
each prototype in 7 is classified using only the prototypes in
S. If a prototype is misclassified, it is added to S, to ensure
that it will be correctly classified. This process is repeated
until all prototypes in T are correctly classified. This method
ensures that S classifies correctly all prototypes in 7, this is,
S is consistent. CNN does not guarantee to find a minimal
consistent subset. In [14], the concept of Mutual Nearest
Neighbor (two prototypes do not belong to the mutual
neighbourhood when they are not found in each other’s k-
Nearest Neighborhood) is used for selecting prototypes
close to decision boundaries via a modified CNN algorithm.

Another variant of CNN is the Generalized Condensed
Nearest Neighbor Rule (GCNN) [15], which is similar to
CNN but GCNN includes in S prototypes according to the
Absorption(p) criterion, which is calculated in terms of the
nearest neighbor and nearest enemy (nearest prototype with
different class) of p in S. The selection process finishes
when all prototypes in T have been strongly absorbed, that
is, when their Absorption satisfies a threshold value given
by the user.
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The ENN method discards from T those prototypes that
do not belong to their k-Nearest Neighbors’ class. This
method is used as noise filter because it deletes noisy
prototypes, that is, prototypes with a different class in a
neighborhood. A variant of this method is the Repeated
ENN (RENN) where ENN is applied repeatedly until all
prototypes in S have the same class that the majority of
their k-Nearest Neighbors. Another extension of ENN is the
All k-NN prototype selection method [16]. This method
works as follows: for i = 1 to k, flag as bad any prototype
misclassified by its i Nearest Neighbors. After completing
the loop all k times, remove any prototype flagged as bad.

Devijver and Kittler [17] proposed the Multiedit method
for prototype selection, which makes m random partitions
(Py---P,,) from T. After that, ENN (using 1-NN) is applied
over each partition P; finding the neighbors of P; in
Pt1y mod m- This process is repeated until there are not
changes (eliminations) in f successive iterations.

Wilson and Martinez [3] presented five methods
DROPI,....DROPS5 (Decremental Reduction Optimization
Procedure) for prototype selection. These methods are
based on the concept of associate. The associates of a
prototype p are those prototypes such that p is one of their
k-Nearest Neighbors. These methods discard the prototype
p if its associates can be correctly classified without p.
DROP] uses the next selection rule: delete the prototype p
if the associates of p (in S) are correctly classified without
p. DROP?2 takes into account the effect in 7 of eliminating
a prototype in the partial subset, i.e., a prototype p is
deleted only if its associates in T are correctly classified
without p. DROP3 uses a filter similar to ENN and after
applies DROP2. DROP4 is similar to DROP3 but it uses a
different filter. DROPS is based in DROP2 but it starts
deleting the prototypes that are nearest to their nearest
enemies. According to the authors’ results, the best meth-
ods are DROP3 and DROPS.

The Iterative Case Filtering algorithm (ICF) was pro-
posed in [4]. ICF is based on the Coverage and Reachable
sets which are the neighborhood set and associates set,
respectively. In this method, a prototype p is flagged for
removal if |Reachable(p)l > |Coverage(p)l, which means
that more cases can solve p than p can solve itself. After,
all prototypes flagged for removal are deleted.

Some authors [2, 18, 19] have suggested the idea of
using clustering for prototype selection; this idea consists
in: after splitting T in n clusters, the selected prototypes
will be the centers of the n clusters. In [20], the CLU
prototype selection method is based on this idea and it was
applied to the signature recognition problem. Another
method that follows the same idea is Nearest Sub-class
Classifier (NSB) [21] which allows selecting different
number of prototypes (centers) per class via the Maximum
Variance Cluster algorithm [22]. In [23], following the
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same approach, the Generalized-Modified Chang Algo-
rithm (GCM) method is proposed; this method merges the
same-class nearest clusters and selects the centers from the
new merged clusters.

The Pair Opposite Class-Nearest Neighbor (POC-NN)
[24] selects border prototypes in T. The selection process in
POC-NN is based on the mean of the prototypes in each
class. For finding a border prototype p,; in the class C;,
POC-NN computes the mean m, of the prototypes in the
opposite class C, and then p,; is the nearest prototype
(belonging to class C;) to m,. Another method that finds
border prototypes is proposed in [25] which, as SVM,
applies the Structural Risk Minimization principle, but it is
used to select border prototypes for nearest neighbor
classification.

Most of the existing prototype selection methods are
very expensive when large datasets are processed, and as
consequence, these methods could be not applicable. In this

paper we propose a prototype selection method, which is
applicable for selecting prototypes in large datasets, where
prototype selection is very useful.

3 Proposed method

In prototype selection, some authors (e.g. [3, 4]) argue that
in a training set, interior prototypes can be removed with
little effect on classification accuracy; and they also argue
that border prototypes are critical for classification since
they provide relevant information for preserving discrimi-
nation between classes. Many prototype selection methods,
although they do not say it explicitly, select border proto-
types. For instance, in Fig. la we show a synthetic
bi-dimensional dataset with prototypes belonging to the
classes “+4” and “e”. In Fig. 1b and e we depict the sub-
sets selected by DROP3, DROP5 (two of the most
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successful methods), GCNN (a recently proposed method)
and POC-NN (a method proposed for selecting border
prototypes). From Fig. 1, it can be seen that these methods
indeed select prototypes near to the border between classes.
However, it is important to notice that selecting border
prototypes using the k-NN rule can be expensive mainly in
large datasets. Motivated by these facts we propose a new
fast prototype selection method that selects border proto-
types and some of the interior ones.

Now the problem is how to select the border and interior
prototypes. For solving this problem we propose to divide
the training set in regions in order to find the border pro-
totypes into small regions instead of finding them over the
whole training set, which could be very expensive. The
idea is to analyze those regions which contain prototypes
belonging to different classes since they contain border
prototypes. For regions containing prototypes belonging to
a single class, our method will preserve only one repre-
sentative prototype.

For dividing the training data in regions we use clus-
tering, thus we called our method Prototype Selection by
Clustering (PSC). We are interested in dividing the training
data in regions (even if they contain prototypes from dif-
ferent classes), independently of the distribution of the
data. Therefore, any clustering algorithm could be used,
however, we decided to use C-means because of its sim-
plicity, and because it allows us to specify the number of
clusters to be created.

The border selection criterion in PSC is based on non
homogeneous clusters. An homogeneous cluster is a pro-
totype set such that all prototypes belong to the same class
whereas in a non homogeneous cluster there are prototypes

Table 1 PSC method for

belonging to different classes. In order to find border
prototypes, PSC generates clusters and analyzes non
homogeneous clusters.

The PSC method for selecting prototypes is shown in
Table 1. PSC starts creating C clusters from T (step 2).
After that, for each cluster A; it is necessary to decide
whether or not A; is homogeneous.

If A; is homogeneous (steps 4—7) then the prototypes in
A; are interior prototypes, that is, they do not lie in the
border between classes. PSC finds the nearest prototype p;
to the mean (mean prototype) m of cluster A; and discards
the remaining prototypes from A; so that A; is reduced to p;.
PSC retains this kind of prototypes in order to preserve
representative prototypes of homogeneous regions.

If A; is non homogeneous (steps 8—15) then there are in
A; some prototypes located near to prototypes from other
classes, that is, border prototypes. In order to find the
border prototypes, PSC finds the majority class Cy in A;.
Once these class has been found, the border prototypes in
Cy are those nearest prototypes in A; belonging to each
class Cy, C; # Cy (steps 11-13), and in the same way, the
border prototypes of A; in the other classes Cy are those
prototypes nearest to each border prototype in C,; (steps
14-15).

The prototype set selected by PSC is the set of the mean
prototypes from each homogeneous cluster and the border
prototypes from each non homogeneous cluster.

To illustrate, in a graphical way, how PSC finds border
prototypes let us consider the dataset shown in Fig. 2a (the
same bi-dimensional dataset shown in Fig. 1a). The clus-
ters (C;...Cy,) created by C-means from the dataset are
depicted in Fig. 2b in which the non-homogeneous clusters

rototype selection
p yp 1S

2 Clust=Gen_clust(T,C)

PSC (Training set 7, number of clusters C): prototype set S

3 For each cluster A; in Clust

4 If A; is homogeneous then

5 m = mean of cluster A,

6 Let p, be the nearest prototype to m

7 S=Su{p}

8 Else /I'A; is non homogeneous

9 Let C,, be the majority class in cluster A,

10 Foreachclass C; in A, (C, #C,)

11 For each prototype p; belonging to class C,
12 Let p. €C,, be the nearest prototype p;,
13 S=Suip}

14 Let p,, € C, be the nearest prototype to p,
15 S=Su{p,}

16 Return §
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Fig. 2 a Dataset with classes
“+” and “e”. b Clusters created
from the dataset depicted in a.
¢ Selected prototypes for each
cluster. d Prototype subset
selected by PSC

are C,, Cg and C;; whereas the remaining clusters are
homogeneous.

In the clusters Cg and C,;, the minority class is “+”,
then the border prototypes in the most frequent class (o) are
the nearest prototypes to each minority class prototype (+).
On the other hand, the border prototypes in class “+” are
the nearest prototypes (belonging to class “+”) to each
border in class “e”.

The same process described before is applied to the
cluster C, where the minority class is “e”. The selected
prototypes, for each cluster, are depicted in Fig. 2¢ and the
prototype set, obtained by PSC, is depicted in Fig. 2d.

We can observe that PSC finds border prototypes and
some interior prototypes (mean prototypes in the homo-
geneous clusters).

4 Experimental results

All the experiments of this section were done over 12
datasets taken from the UCI dataset repository [26]. For all
the experiments, tenfold cross validation was used, that is,
each dataset was divided into ten mutually exclusive blocks
and each prototype selection method was applied over a
training set 7 built with nine of the ten blocks and the left
block was used as testing set. Each block was used as
testing set, and the average of the ten tests was reported.
In order to show the performance of the proposed
method, we compared it against other selection methods.

Since one of the methods compared against PSC was CLU,
which divides the training set in clusters and selects only
the centers (means), we carried out an experiment using
different C values over the 12 datasets, in order to choose
the best C value for each method, this is, the value where
each method had the best performance in the average case.
In Table 2, we show the accuracy obtained by PSC and
CLU using C = r, 4r, 6r, 8r and 10r, where r is the number
of classes in the dataset. For testing the prototype sets
selected by PSC and CLU, the k-NN classifier (using k = 3
and the Euclidean distance) was used. Additionally, we
show the accuracy obtained by the original training set
Orig. Based on the results shown in Table 2, we can
observe that the best C value for PSC was C = 6r and the
best one for CLU was C = 8r, therefore in the next
experiments these values were used.

The second experiment consisted in comparing PSC
against CLU, POC-NN, GCNN, DROP3, and DROPS, using
k-NN with k = 3 (the best value for DROP methods [3]) and
the Euclidean distance. We chose these methods because
according to the results reported in [3, 4], DROP3 and
DROPS5 were the best methods among the DROPs and they
outperformed to other relevant prototype selection methods
such as ENN, RENN and ICF. GCNN was also considered
in our comparison, since according to results reported by its
authors; this method is competitive against the DROPs.
CLU was compared because it is another prototype selec-
tion method based on clustering. POC-NN was included
because it was designed to find border prototypes.
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Table 2 Accuracy obtained by CLU and PSC creating different number of clusters

Dataset Orig. Number of clusters

C=2r C=4dr C =o6r C=38r C = 10r

CLU PSC CLU PSC CLU PSC CLU PSC CLU PSC
Glass 71.42 43.41 58.62 53.26 56.21 52.83 59.09 55.58 56.16 56.08 61.77
Iris 94.66 64.66 79.88 84.00 84.66 86.66 94.66 87.33 88.88 84.00 83.33
Letter 95.00 43.20 70.10 44.51 74.08 41.22 79.35 48.35 79.45 54.95 81.88
Liver 65.22 49.79 55.01 51.57 55.32 52.18 55.36 52.58 54.54 51.87 54.78
Pendigits 99.43 56.80 92.60 79.71 92.90 85.74 94.32 85.74 94.15 86.61 94.34
Segmentation 95.10 51.95 83.19 70.71 90.52 81.00 91.28 83.47 90.80 84.85 90.23
Sonar 82.71 60.35 72.52 71.88 76.14 68.09 79.76 56.73 77.11 54.78 68.59
Spambase 80.55 52.53 67.65 60.33 69.37 66.95 71.95 66.95 69.44 66.68 69.52
Thyroid 95.45 82.35 87.07 87.38 89.39 85.10 90.75 88.88 89.35 85.54 89.26
UPS 96.48 54.30 91.36 72.18 91.30 78.71 90.35 82.30 90.68 81.80 90.16
Wine 94.44 75.16 82.51 85.91 88.30 88.11 92.67 87.37 88.41 88.30 88.19
Yeast 54.64 44.06 46.83 43.92 46.49 45.68 53.04 46.96 51.04 46.69 50.67
Average 85.43 56.55 73.95 67.11 76.22 69.36 79.38 70.19 77.50 70.18 76.89

In Table 3, we report the results obtained applying
DROP3, DROP5, GCNN, POC-NN, CLU and PSC over the
12 datasets. For each method, the classification accuracy
(Acc) obtained by k-NN with the selected subsets, and the
retention (Str), that is, the percentage of the original
training set that was retained by each method, are shown;
the retention is computed as Str = 100ISI/IT1, where S is the
prototype subset selected by each method, from the training
set 7. In the tables shown in this document, the symbol “*”
next to the accuracy results indicates that there is a sta-
tistically significant difference with respect to our method
(according to the k-fold cross-validated paired ¢ test [27]
with 9 degrees of freedom and a confidence of 99%).

In Fig. 3, the scatter graphic of classification accuracy
obtained by k-NN with the selected subsets (horizontal
axis) versus retention (vertical axis), from average results
shown in Table 3, is depicted. In this kind of graphic, the
most located at right the best accuracy and the most located
at bottom the best retention percentage.

In Table 4, the dataset sizes and runtimes' spent by each
method are shown. The symbols “+”, “++7, and “+++"
are used to indicate that the runtime was more than 10, 20,
and 30 h, respectively.

According to the results shown in Table 3 and Fig. 3, in
the average case, the best prototype selection method in
accuracy was DROP3. The accuracy results obtained by
PSC were better than CLU’s results, but lower than those
obtained by POC-NN, the DROPs and GCNN. It was
expected, since the k-NN classifier was used and these

! These runtimes were obtained using an Intel Celeron CPU 2.4 GHz,
512 MB RAM.
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methods are strongly based on the k-NN rule. However, it is
important to highlight that according to Table 4, for the
larger datasets, CLU and PSC were much faster than POC-
NN, the DROPs and GCNN.

In the previous experiment, the classifier was k-NN, but
in order to know how good the selected subsets are, as
training sets, for other classifiers, as third experiment the
prototype sets obtained by the DROPs, GCNN, POC-NN,
CLU and PSC were used as training for: Locally Weighted-
Linear Regression (LWLR), Support Vector Machines
(SVM), C4.5 (Decision trees) and Naive Bayes (NB).2
Some of these classifiers, in particular SVM and LWLR
require long times for training or classifying on large
datasets, then for these classifiers, prototype selection is
required for reducing the training and/or classification
runtimes. The results obtained in this experiment are shown
in Tables 5, 6, 7, 8 and Figs. 4, 5, 6 and 7. The retention
results in these tables are identical to those in Table 3
because the same prototype subsets obtained in the previ-
ous experiment were tested, but now, using other
classifiers.

According to the results reported in Table 5 and Fig. 4,
we can observe that, for LWLR, the best method in most of
the cases was GCNN but in the majority of these cases
there is not significant difference between GCNN and PSC,
which was the best method in the average case.

Based on the results obtained using SVM (Table 6;
Fig. 5), in accuracy, the best method was GCNN which

2 For SVM, we used the software from [28], for C4.5 and Naive Bayes
WEKA [29] was used, LWLR and k-NN were implemented in
MATLAB [30].
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Table 3 Accuracy (Acc) and retention (Str) results using the original training set (Orig) and the prototype sets obtained by DROPs, GCNN,
POC-NN, CLU and PSC as training for k-NN

Dataset Orig. DROP3 DROP5 GCNN POC-NN CLU PSC
Acc Str Acc Str Acc Str Acc Str Acc Str Acc Str Acc Str
Glass 7142 100 66.28° 2435 62.16° 2591 69.61° 6162 7147 5742 5558 2513 59.09 3845
Iris 9466 100 9533" 1533 94.00° 1244 96.00" 3800 77.33" 12.88 87.33" 1821 94.66 2045
Letter 95.00 100 92.68° 1633 9217  13.63 9529 3408 94.62° 4241 4835 104 7935 1833
Liver 6522 100 67.82° 2683 6346 3059 66.09° 8370 5568 58.09 5258° 636 5536 45.87
Pendigits 9943 100 98.89° 567 98.16° 400 97317 11.10 97.86° 9.61 8574° 088 9432 623
Segmentation  95.10 100 92.19° 1594 91.86" 1430 92717 13.82 87.38" 1954 8347 222 9128 15.14
Sonar 8271 100 74.60° 30.13 7595 29.86 83.88" 9561 80.95° 5438 56.73° 854 79.76 35.41
Spambase 80.55 100 78.44° 1571 78.72° 2097 73.54 133 7537 3404 6695 028 7195 2474
Thyroid 9545 100 93.98 977 9446 8.84 9396 3033 93.05 1534 88.88" 11.65 90.75 13.47
UPS 9648 100 94.59° 1027 93.99° 796 9478 3453 9563° 29.80 8230 095 9035 1547
Wine 9444 100 9441° 1504 93.86° 1055 94.44" 78.89 94.93" 40.82 8737 1230 9267 37.15
Yeast 5464 100 5626° 1954 5458° 2530 4656 3140 53.63" 7822 4696 449 53.04 4320
Average 8543 100 8379 17.08 8278 17.03 83.68 4287 8149 3771 70.19 7.67 7938 26.16
100 o + obtained the best results for five of the twelve datasets, but
%01 | oprops in three of them GCNN does not have significant difference
38 3222:5 with respect to PSC. In the average case PSC was the best
S 6ol 0 POC-NN method again.
ol ACLU Using C4.5 and NB (Tables 7, 8; Figs. 6, 7), the best
g awlf *Ee o % methods in accuracy were POC-NN and GCNN which had
30+ % the better performance in five and four datasets, respec-
fg I x O tively. These methods were followed by PSC which had the
0 é ) ) ) ) ) ) ) ) best performance for three datasets. Once again, in the
n 72 74 76 78 80 8 84 86 average case, the best method in accuracy was PSC.

Accuracy Based on the results, we can see that for LWLR, SVM,
Fig. 3 Scatter graphic of the average results shown in table 3 (4.5, and NB, all the tested prototype selection methods

Table 4 Datasets sizes and runtimes (in seconds) spent by the tested methods. “+4”, “4++4” and “4+4+" indicates that the runtime was more
than 10, 20 and 30 hours respectively

Dataset Size Runtimes
Prototypes Features Classes DROP3 DROP5 GCNN POC-NN CLU PSC

Iris 150 4 3 0.19 0.16 1.25 1.02 0.74 0.79
Wine 178 13 3 0.84 0.59 3.03 2.32 1.62 1.82
Sonar 208 60 2 1.77 2.57 20.15 19.33 1.80 1.94
Glass 214 6 0.46 0.47 4.14 3.02 0.43 0.54
Thyroid 215 3 0.37 0.40 2.10 1.60 0.67 0.69
Liver 345 2 0.76 0.76 19.45 7.21 1.62 1.70
Yeast 1,484 10 25.60 23.80 280.75 250.19 3.97 435
Segmentation 2,100 19 7 208.39 208.91 684.78 689.21 15.84 16.52
Spambase 4,601 57 2 3782.57 2226.42 348.56 735.08 181.73 189.57
Pendigits 7,494 16 10 3180.28 2460.05 18642.30 12600.87 93.13 94.64
Letter 20,000 16 26 15213.13 14339.61 + ++ 596.64 613.58
UPS 9,000 255 10 + ++ +++ +++ 783.65 793.94
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Table 5 Accuracy and retention results obtained using the original training set (Orig.) and the prototype sets obtained by: DROPs, GCNN,
POC-NN, CLU and PSC as training for LWLR

Dataset Orig. DROP3 DROP5 GCNN POC-NN CLU PSC
Acc Str - Acc Str Acc Str Acc Str Acc Str Acc Str Acc Str
Glass 57.85 100 50.09° 2435 5238 2591 56.88 61.62 5041 5742 4670 2513 56.06 3845
Iris 98.00 100 92.00° 1533 92.00° 1244 9533 38.00 85.33 12.88 88.00° 1821 96.00 20.45
Letter 4142 100 24.38 1633 26.13 13.63  25.45 34.08 28.27 4241 2270 1.04 27.08 18.33
Liver 70.13 100  68.26 26.83  69.54 30.59 70.13 83.70  68.68 58.09  48.39" 6.36  68.57 45.87
Pendigits 59.63 100 51.66 5.67 54.06 400 4925" 11.10 44.60 9.61  42.40° 0.88 48.83 6.23
Segmentation  78.28 100 55.14 1594 49.80 1430 55.90 13.82  54.57 19.54 3476 222 5333 15.14
Sonar 64.40 100 64.50 30.13  59.66 29.86 67.73 95.61 62.47 5438 52.23" 8.54 6447 3541
Spambase 92.67 100 88.08 1571 89.76° 2097 62.09" 133 91.16° 3404 62.60" 0.28 89.34 24.74
Thyroid 91.16 100 7543 977 75.93 8.84 76.19° 3033 64.02° 1534 66517 11.65 7142 1347
UPS 49.85 100 3255 1027 3479 796 41.94° 3453 40.60° 29.80 48.84° 095 3672 1547
Wine 92.15 100 62.75° 1504 60.78° 1055 92.15 78.89  86.40 40.82 53.88° 1230 8872 37.15
Yeast 37.12 100  36.65 19.54 36.86° 2530 3542 3140 35.71 7822  31.80 4.49 3523  43.20
Average 69.39 100 58.46 17.08 5847 17.03  60.71 42.87 59.35 37.71 49.90 7.67 61.31 26.16
100 + are competitive in accuracy, excluding CLU which
90 + Orig. obtained poor accuracy results for all the classifiers.
80 1 . .
70l Sgggﬁg The last experiment, related to the runtimes, was done
c 6ol ¢ GONN using the Statlog-Shuttle dataset (also taken from UCI)
% 50 L ZZCL)S_NN which is larger than the 12 datasets used before. In this
§ 40 - * PSC o © experiment we measured the runtimes spent by each
s0r * method over different training set sizes constructed from
fg I ® the prototypes in the Statlog-Shuttle dataset. The results are
o A‘ ) ) ) ) shown in Fig. 8. In this experiment, POC-NN was not able
45 50 55 60 65 70 to run over training sets larger than 10,000 prototypes (we
Accuracy

Fig. 4 Scatter graphic of the average accuracy results using LWLR

used the source code provided by its authors). In Fig. 8,
some points are not depicted because they are out of the

(Table 5)

vertical axis scale.

Table 6 Accuracy and retention results obtained using the original training set (Orig.) and the prototype sets obtained by: DROPs, GCNN,
POC-NN, CLU and PSC as training for SVM

Dataset Orig. DROP3 DROP5 GCNN POC-NN CLU PSC

Acc Str Acc Str Acc Str Acc Str Acc Str Acc Str Acc Str

Glass 7229 100 5974 2435 6350 2591 66.82° 6162 57.46° 5742 56.03° 2513 6584 3845
Iris 96.66 100 9133 1533 9333 1244 9466 3800 9400 1288 85.33" 1821 9333 2045
Letter 82.34 100 7338° 1633 7147 13.63 74.54° 3408 7843" 4241 6926° 1.04 7290 1833
Liver 70.72 100 5826 2683 5678 3059 69.73  83.70 5856  58.09 5250 636 64.07 45.87
Pendigits 99.65 100 98.89 567 98.42° 400 9498 11.10 9587° 961 92.06° 0.88 9849  6.23
Segmentation  91.58 100 86.80° 1594 85.38" 14.30 87.23" 13.82 83.85" 19.54 70.95° 222 8395 15.14
Sonar 85.14 100 6535 30.13 6590 29.86 78.09 95.61 7747 5438 61.02° 854 7521 3541
Spambase 9330 100 90.56" 1571 92.02° 2097 78.67 133 89.78" 34.04 57.17° 028 8843 2474
Thyroid 9354 100  90.45 977 93.03 8.84 8978 3033 92.61° 1534 87.01° 11.65 9078 13.47
UPS 9492 100 9347° 1027 9266° 796 8535 3453 9322° 2980 92.11° 095 9408 1547
Wine 97.18 100 9493 1504 92717 1055 94.83" 78.89 9552 4082 74217 1230 9552 37.15
Yeast 57.81 100 50.60° 19.54 56.81° 2530 5296 3140 5257 7822 4729° 449 5455 4320
Average 8626 100 79.48 17.08 80.17 17.03 8120 4287 80.85 3771 69.85 7.67 8136 26.16

@ Springer



Pattern Anal Applic (2010) 13:131-141 139
100 [ + 100 - +
90 | 0VF o
80 + Orig. 80 O DROP3
70t O DROP3 70+ | x DROPS5
c L x DROP5 c L ¢ GCNN
s 60 O GONN 2 97 | Oroc-an
§ 507 | oPocnN o g S0r |Acw o
® 40 ACLU 0 £ 40F | xPsc =!
= L * PSC 30
30 * *
20 Ox 20 X0
107 A 10
0 . . . . ) 0 L L . . . .
65 70 75 80 85 90 55 60 65 70 75 80 85

Fig. 5 Scatter graphic of the average accuracy results using SVM

(Table 6)

Accuracy

Accuracy

Fig. 6 Scatter graphic of the average accuracy results using C4.5
(Table 7)

Table 7 Accuracy and retention results obtained using the original training set (Orig.) and the prototype sets obtained by: DROPs, GCNN,
POC-NN, CLU and PSC as training for C4.5
Dataset Orig. DROP3 DROPS5 GCNN POC-NN CLU PSC

Acc Str - Acc Str Acc Str Acc Str Acc Str Acc Str Acc Str
Glass 67.29 100 60.19 2435 53.76 2591  60.75 61.62 63.56° 5742 49.67° 2513 60.58 3845
Iris 93.99 100 92.66° 1533  90.66 12.44  90.66 38.00 73.99 12.88  82.66° 1821 90.66 20.45
Letter 8829 100 72.96° 1633 73.00° 13.63 81.21° 3408 8335 4241 4855 104 7480 1833
Liver 63.67 100 59.48 26.83  63.67 3059 61.76"  83.70  54.46 58.09 54.19 6.36  63.67 45.87
Pendigits 96.09 100 75.78 567 7633 400 8268 11.10 8853° 961 61.80° 088 7944 623
Segmentation  96.02 100 81.61° 1594 88.75 1430 85.71 13.82  87.80 19.54 58.28" 222 89.00 15.14
Sonar 72.57 100 73.45 30.13  70.73 29.86  73.00 95.61 70.19 5438  54.14" 854 7745 3541
Spambase 92.52 100 89.15 15.71  90.52 2097 79.32° 133 89.34" 3404 50.74 028 89.61 24.74
Thyroid 94.89 100 81.79 9.77 82.64 8.84 90.12 30.33  80.88 1534 7484" 11.65 8883 1347
UPS 87.79 100 7442 10.27  74.35 796 85.77° 3453 8427° 29.80 48.49" 095 80.19 1547
Wine 9444 100 84.43 15.04 78.88 10.55 95.55 78.89 9032  40.82 75557 1230 90.77 37.15
Yeast 55.04 100 52.70° 1954  50.67 2530 47.30 3140 5476 7822  43.39" 449 5135 43.20
Average 83.55 100 74.89 17.08  74.50 17.03  77.82 42.87 76.79 37.71 58.53 7.67 78.03 26.16
Table 8 Accuracy and retention results obtained using the original training set (Orig.) and the prototype sets obtained by: DROPs, GCNN,
POC-NN, CLU and PSC as training for NB
Dataset Orig. DROP3 DROP5 GCNN POC-NN CLU PSC

Acc Str Acc Str Acc Str Acc Str Acc Str Acc Str Acc Str
Glass 48.05 100 49.56 2435 47.74 2591  47.57 61.62 4666 5742 5560° 2513 47.14 3845
Iris 95.33 100 91.99 15.33  93.99 12.44 9533 3800 76.66 12.88 92.66° 1821 9333 2045
Letter 64.00 100 53.88° 1633 56.09° 13.63 45.50 3408 57.83 4241 4697 1.04 51.06 18.33
Liver 56.02 100 61.50 26.83 61.77 30.59 56.88 83.70 56.57 58.09 47.79" 6.36  56.88  45.87
Pendigits 87.97 100 80.57 5.67  81.30 4.00 84.45 11.10  79.46 9.61 80.49" 0.88  82.60 6.23
Segmentation  80.19 100 75.23 1594 71.76 1430 76.66 13.82 7171 1954 6757 222 7476 15.14
Sonar 66.26 100 66.88 30.13  58.71 29.86 64.78 95.61 67.92 5438 54.16" 8.54 69.35 3541
Spambase 7941 100 76.22° 1571 76.89° 2097 81.61" 133 73.14 3404 4125 0.28 77.39 2474
Thyroid 9722 100 95.82 9.77  95.77 8.84 9536 3033 95.82 1534 93.05° 11.65 9545 13.47
UPS 7721 100 71.58 10.27  70.51 796  72.27 3453 6921 29.80 70.58" 095 73.54 1547
Wine 98.81 100 61.11° 1504 66.66° 1055 96.66  78.89 91.11 40.82 8555 1230 9777 37.15
Yeast 5747 100 55.58 19.54  53.63 2530 49.39° 3140 5585 7822 41.10" 449 54.63 43.20
Average 75.66 100  69.99 17.08  69.57 17.03  72.21 4287 70.16 37.71 64.73 7.67 72.83 26.16
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Fig. 7 Scatter graphic of the average accuracy results using NB
(Table 8)
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Fig. 8 Runtimes spent by each method using different training set
sizes

Based on Fig. 8, we can notice that CLU and PSC
clearly are the fastest methods, and therefore, they are the
only methods that can be applied for large training sets, but
PSC is much better in accuracy than CLU (Tables 3, 5, 6,
7, 8; Figs. 3,4, 5,6, 7).

5 Conclusions

In supervised classification, prototype selection is an
important task, specially for instance-based classifiers,
because through this task, the runtimes in the classification
stage could be reduced. In this paper, we introduced and
compared the PSC method for prototype selection. Our
method selects border prototypes (in order to preserve the
class discrimination regions) and some interior prototypes.
The experimental results using different classifiers showed
that PSC had a competitive performance against other
methods.

According to our results for large datasets (datasets
where prototype selection is more useful), CLU and PSC
were the fastest methods but PSC was much better than
CLU in accuracy. Therefore, we can conclude that for large

@ Springer

datasets, PSC is the best choice for selecting prototypes.
This characteristic of our method is very important because
other successful prototype selection methods spent a lot
of time (or could be inapplicable) for processing large
datasets.

As we described in Sect. 3, PSC requires, as parameter,
the value of C for the C-means algorithm, then, as future
direction, we are interested in automatically fixing this
parameter.
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