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Abstract In supervised learning, a training set providing previously known information
is used to classify new instances. Commonly, several instances are stored in the training
set but some of them are not useful for classifying therefore it is possible to get acceptable
classification rates ignoring non useful cases; this process is known as instance selection.
Through instance selection the training set is reduced which allows reducing runtimes in
the classification and/or training stages of classifiers. This work is focused on presenting a
survey of the main instance selection methods reported in the literature.
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1 Introduction
Several problems in machine learning require of automatically classifying some instances
(in this work, each element in a training set is named instance); this can be done through
the supervised classification task which is a process for assigning a class to unseen cases. In
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Fig. 1 Instance selection process

order to assign the class to a new case, a previously assessed set is provided to a classifier,
this set is known as training set, denoted in this document as T.
In practice, T contains useless information for the classification task (that is, superfluous
instances which can be noisy or redundant) therefore a process to discard them from T is
needed.
Given a training set T, the goal of an instance selection method (Fig. 1) is to obtain a subset S ⊂ T such that S does not contain superfluous instances and Acc(S) ∼
= Acc(T )where
Acc(X ) is the classification accuracy obtained using X as training set (henceforth, S is used to
denote the selected subset). Instance selection methods can either start with S = Ø (incremental method) or S = T (decremental method). The difference is that the incremental methods
include instances in S during the selection process and decremental methods remove instances
from S along the selection.
Through instance selection, the training set is reduced, which could be useful for reducing
the runtime in the training process, particularly in the classification process for instance-based
classifiers since to classify just one instance, these classifiers use the whole training set.
Like in feature selection, according to the strategy used for selecting instances, we can
divide the instance selection methods in two groups:
– Wrapper. The selection criterion is based on the accuracy obtained by a classifier (commonly, those instances that do not contribute with the classification accuracy are discarded
from the training set).
– Filter. The selection criterion uses a selection function which is not based on a classifier.
The aim of this work is to present a review of instance selection methods, describing their
main characteristics. The structure of this paper is as follows: in Sect. 2, wrapper and filter
methods proposed in the literature related to the instance selection are described; Sect. 3
presents a discussion about the works described in Sect. 2. Finally, in Sect. 4, the conclusions
are given.

2 Instance selection methods
Several methods have been proposed in the literature for solving the instance selection problem, in the next sections we present a review of both wrapper and filter strategies.
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2.1 Wrapper methods
Most of the wrapper methods have been proposed based on the k-NN classifier (Cover and
Hart 1967). One of the earliest methods is the Condensed Nearest Neighbor (CNN) (Hart
1968). It is an incremental method and its initial step consists in randomly including in S
one instance belonging to each class. After the initial step, each instance in T is classified
using S as training set, if an instance p is misclassified then p is included in S to ensure that
new instances similar to p will be classified correctly; due to this criterion, noisy instances
can be retained since they are commonly misclassified by their neighbors. An extension of
CNN is the SNN (Selective Nearest Neighbour rule) Ritter et al. 1975 which finds a subset
S such that every instance in T is closer to a member of S (in the same class) than to any
instance in T, which means that T is correctly classified by 1-NN using S. Another variant
of CNN is the Generalized Condensed Nearest Neighbor rule (GCNN) (Chien-Hsing et al.
2006) which is identical to CNN but GCNN includes in S instances that satisfy an absorption
criterion according to a threshold. For each instance, the absorption is computed in terms of
the nearest neighbors and nearest enemies (nearest instances belonging to a different class).
In this method, the instances in T that are absorbed (represented) by S are not included in S.
In particular, an instance p ∈ T is absorbed when | p − x| − | p − w| > δ where x, w ∈ S
and they are the nearest neighbor and nearest enemy of p respectively.
Another early instance selection method is the Edited Nearest Neighbor (Wilson 1972)
which is focused on discarding noisy instances in a training set. This method discards an
instance in T when its class is different from the majority class of its k nearest neighbors
(ENN uses k = 3). An extension of ENN is the RENN (Repeated ENN) method which repeatedly applies ENN until all instances in S have the same class that the majority of their k Nearest
Neighbors. Another variant of ENN is the all k-NN method (Tomek 1976) which works as
follows: for i = 1 to k, flag such instances misclassified by its k nearest neighbors. Once
the loop has finished, all flagged instances are discarded. Other method based on ENN is
Multiedit (Devijver and Kittler 1980) which divides T in r blocks B1 , B2 , . . . , Br and applies
ENN over each block B j but finding the neighbors in the next block, that is, in B j+1 mod r ,
this process is repeated until there are not instance eliminations in t successive iterations. In
Vázquez et al. (2005) a method for instance selection is proposed, which consists in applying
ENN but using the probability of belonging to a class instead of the k-NN rule.
In Aha et al. (1991) the IB2 and IB3 (Instance Based) methods were proposed; they are
incremental methods, IB2 selects the instances misclassified by 1-NN (as CNN); IB3 is an
extension of IB2 where a classification record is used in order to determine the instances to
be retained (instances such that their deletion does not impact the classification accuracy).
Other methods related to k-NN are those proposed by Wilson and Martínez (2000). They
proposed five methods: DROP1, DROP2,…,DROP5 (Decremental Reduction Optimization
Procedure); these methods are based on the concept of associate. The associates of an
instance p are those instances such that p is one of their k nearest neighbors. DROP1 discards
an instance p from T if the associates of p in S are correctly classified without p; through this
rule, DROP1 discards noisy instances since the associates of a noisy instance can be correctly
classified without it but in DROP1, when the neighbors of a noisy instance are first removed,
then the noisy instance will not be discarded. In order to solve this problem, DROP2 is similar
to DROP1 but the associates of an instance are searched in the whole training set, that is, p is
deleted only if its associates in T are classified correctly without p. DROP3 and DROP4 first
discard noisy instances using a filter similar to ENN and then they apply DROP2. DROP5 is
based on DROP2 but it starts discarding the nearest enemies (nearest instances with different
class) in order to smooth the decision boundaries.
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Another method related to the associate set was proposed by Brighton and Mellish (2002),
this method is the Iterative Case Filtering algorithm (ICF), based on the Reacheable( p)
and Coverage( p) sets which are the neighbor and associate sets respectively. ICF discards
p if |Reachable( p)| > |Coverage( p)| which means that some instances in T can classify
instances similar to p without considering it in the training set; as initial step, ICF applies
ENN. In Ke-Ping et al. (2003), C-Pruner, another method based on the Reacheable( p) and
Coverage( p) is presented. In this method, the Coverage( p) concept only considers the
associates with the same class as p in order to discard instances in the same class. Before
discarding an element, this technique determines whether an instance is noisy, superfluous
or critical. In this context, an instance is critical when its deletion affects the classification
of other instances; in particular this method discards either noisy or superfluous (but non
critical) instances. When |Coverage( p)| < |Reachable( p)| then p is considered as noisy;
p is superfluous when it is correctly classified by Reachable( p).
In terms of instance selection, the SVM (Support Vector Machines) (Vapnik 1995) not
only is a classifier but also an instance selector since among the elements in T, only the
support vectors Vs are used to discriminate between classes; in this case, S = Vs . A wrapper
method based on SVM is proposed in Yuangui et al. (2005) which works doing a double selection; the first one applies SVM to obtain Vs and the second one applies DROP2
over Vs . Another method related to instance selection based on SVM is SV-kNNC (Support
Vector k-Nearest Neighbor Clustering) (Srisawat et al. 2006) which after applying SVM
over T uses the k-means algorithm for clustering Vs and retains only such instances belonging to homogeneous clusters (clusters where all instances belong to the same class); when
the cluster is non homogeneous, only such instances from the majority class in the cluster
are preserved.
Evolutionary algorithms (EA) have been used for instance selection (Kuncheva 1995,
1997; Kuncheva and Bezdek 1998; Bezdek and Kuncheva 2001; Cano et al. 2003). EA are
based on the natural evolution. Their main idea is as follows: given an initial chromosome
population (set of solutions, in our context, a set of instances) and according to a fitness
function (in the instance selection context, the fitness function is based on a classifier) the
individuals from the population are evaluated, the best chromosomes are selected (which
maximize the fitness function) in order to be muted and combined (crossover) for generating
new chromosomes. The algorithm is repeated a specific number of iterations (generations)
specified by the user and the best chromosome from the last generation is selected. Commonly, a chromosome C is represented as a binary coded array C = [1,0,0,1,…,], where
|C| = |T |, which is employed for representing a specific subset of T. each C j represents the
jth element in T. C j = 1 means that the jth element of T is considered in the subset, otherwise
C j = 0. For the crossover operation, the bits of two individuals are swapped; the mutation
operation inverts the values of some bits in the chromosome.
García et al. (2008) used a memetic algorithm for instance selection. Memetic algorithms
combine evolutionary algorithms and local search within the evolutionary cycle. The local
search is carried out among the chromosomes (local changes of bits) obtained during the
evolutionary process; the local search changes 1–0 in the chromosome in order to improve
both accuracy and reducing the size of the selected subset. i.e. the best chromosome in both
accuracy and size is selected for the next evolutionary steps (crossover and mutation).
A biologically inspired approach for instance selection was proposed in Garain (2008),
this approach was named Clonal Selection Algorithm (CSA). This method is based on the
artificial immune system idea. When a pathogen attacks a body, a set of cells (antigens)
work on defending it. In order to provide a response to a new pathogen, cells memorize and
mute for adapting to the attack. Among all the cells, only some of them are able to attack
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the pathogens. Following this idea, CSA selects a set of antigens (instances) in the body
(training set). CSA starts randomly selecting one antigen per class, after, a pathogen (set
of instances) attacks the immune system and repeatedly a set of clones (the antigens most
similar to the pathogen) are mutated in order to select the best ones against the pathogen
attack.
In Cerverón and Ferri (2001), Zhang and Sun (2002) the tabu search (TS) (Glover 1986)
was applied for selecting instances. TS is applied over an initial set (solution) Si ⊂ T and
during the search process some solutions are declared tabu (i.e. a solution that should not
be changed). Through Si , other solutions (non tabu solutions) are evaluated (via a classifier)
in order to select the best one. The way for choosing the solutions from Si is evaluating
the neighboring subsets, i.e. any subset that differs from Si by just one element. Repeatedly
(the number of iterations is controlled by a parameter named tabu tenure) Si is replaced by
a subset that yields better classification and once the process finishes, S is the best solution
found so far.
Another way for finding sub optimal solutions in search problems is the sequential search
which has been used in selection problems such as feature selection (Pudil et al. 1994; Blum
and Langley 1997) and for instance selection (Olvera-López et al. 2005) where the BSE
(Backward Sequential Edition) method uses the backward sequential search (Kittler 1986) in
order to select S. BSE is a decremental method that evaluates every single instance elimination
(using a classifier) and discards the instance with the lowest classification contribution for
the partial subset; the process is repeated until the classification accuracy starts to decrease.
In the sequential search a discarded instance cannot be re-considered (backtracking) once
the selection criterion has decided to remove it from the partial subset. This drawback is
solved with the sequential floating search (SFS) (Pudil et al. 1994) which like the sequential search, can be done in the forward and backward directions. SFS allows backtracking
steps i.e. the inclusion/exclusion of elements previously discarded/included. SFS consists in
applying after each forward/backward step a number of backward/forward steps (conditional
inclusion/exclusion of the instances previously discarded/included) as long as the quality
subsets are better than the previously evaluated ones. In Olvera-López et al. (2007a) the
RFOS (Restricted Floating Object Selection) method was proposed. It adapts the SFS for
selecting instances but in a restricted way since the whole SFS is a very expensive process.
RFOS restricts the floating process applying only one forward /backward step followed by
one backward/forward conditional step.
2.2 Filter methods
This section describes filter methods proposed in the literature; unlike wrapper methods they
are not based on a classifier to determine the instances to be discarded from the training set.
In a training set, an instance can be either a border instance or an interior instance. The
instance p j ∈ T is a border instance for the class Ci if p j ∈ Ci and p j is the nearest neighbor of an instance from another class Ck  = Ci . On the other hand, for the class Ci , p j is an
interior instance if it is not a border instance. The border instances of a class provide useful information for preserving the class discrimination regions (Wilson and Martínez 2000;
Brighton and Mellish 2002); therefore some filter methods are focused on selecting border
instances.
Riquelme et al. (2003) proposed the POP (Pattern by Ordered Projections) method that
discards interior instances and selects some border instances. This approach is based on the
weakness(p) concept which is defined as the numbers of times that p is not a border in a
class (with respect to its attribute values). The selection rule discards irrelevant instances that
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according to this method, are those instances such that weakness( p) = m, where m is the
total number of features describing p. The weakness of an instance is computed by increasing
weakness for each attribute where the instance is not near to another instance with different
class. According to this approach, in a two dimensional case (m = 2), for representing a
region of instances in the same class, at most four instances are needed to determine the
boundaries (two instances representing the maximum and minimum value per attribute) and
in general in d-dimensions at most 2d instances are needed.
The POC-NN (Pair Opposite Class-Nearest Neighbor) method (Raicharoen and Lursinsap
2005) also selects border instances. The selection process in POC-NN computes the mean
of the instances in each class. For finding a border instance pb1 in the class C1 , POC-NN
computes the mean m 2 of the instances in the opposite class C2 and then pb1 is the instance
belonging to class C1 which is the nearest to m 2 . The border instances in the class C2 are
found in a similar way; finally, only the border instances are selected.
A filter method based on kd trees (Friedman et al. 1997) was proposed in Narayan et al.
(2006), where a binary tree is constructed. In the root node all the instances are included;
for constructing each child node, a pivot is selected which is the feature with the maximum difference (Maxdiff) between consecutive ordered values; the left child contains those
instances whose values for the corresponding attribute are lower than Maxdiff and the remaining instances are contained in the right node. The splitting process is repeated until the nodes
cannot be split (the variance of the data along the features is greater than a threshold given
by the user). Finally, instances located in the leaves are selected.
Some authors (Bezdek and Kuncheva 2001; Liu and Motoda 2002; Spillmann et al. 2006;
Caises et al. 2009) have stated the idea of using clustering for instance selection; this idea
consists of: after splitting T in n clusters, the selected instances will be the centers of the clusters. In Mollineda et al. (2002), the GCM (Generalized-Modified Chang Algorithm) method
was proposed; this method merges the same-class nearest clusters and selects the centers
from the new merged clusters. The NSB (Nearest Sub-class Classifier) method (Venmann
and Reinders 2005) allows selecting different number of instances (centers) per class via the
Maximum Variance Cluster algorithm (Venmann et al. 2002).
In Lumini and Nanni (2006), the CLU (Clustering) instance selection method which
selects only the centers of the clusters was proposed; CLU was applied to signature recognition. The OSC (Object Selection by Clustering) (Olvera-López et al. 2007b) method, also
based on clustering, selects border instances and retains some interior ones. OSC divides T
in clusters; then border instances are searched in non homogeneous clusters (border regions)
and the interior ones in homogeneous clusters. In order to find the border, the selection criterion considers p as a border if p is the closest to another instance in the cluster belonging to
a different class. Although interior instances could be discarded from T, in order to preserve
representative instances of homogeneous regions, OSC selects the center instance from each
homogeneous cluster.
In the literature, some filter methods consist in assigning a weight to the instances
and selecting those with an acceptable weights range (according to a threshold). The WP
(Weighting Prototypes) (Paredes and Vidal 2000) method uses gradient descent for computing
weights for each instance in terms of both nearest neighbors an nearest enemies; then the
instances having weights larger than a certain threshold are removed. In Olvera-López et al.
(2008) another filter method based on assigning weights to the instances was introduced: the
PSR (Prototype Selection by Relevance) which computes the relevance of each instance in
T. The relevance in this method is computed in terms of the average similarity i.e. the most
similar among those in the same class the most relevant; PSR selects a percentage (specified
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Table 1 Characteristics of the methods described in Sect. 2
Method

Kind

Based on

Reference

CNN

W

Misclassification

Hart 1968

SNN

W

Misclassification

Ritter et al. 1975

GCNN

W

Misclassification, absorption

Chien-Hsing et al. 2006

ENN

W

Misclassification

Wilson 1972

All k-NN

W

Misclassification

Tomek 1976

Multiedit

W

Misclassification

Devijver and Kittler 1980

IB

W

Misclassification

Aha et al. 1991

DROP

W

Associates

Wilson and Martínez 2000

ICF

W

Reachable, Coverage

Brighton and Mellish 2002
Srisawat et al. 2006

SV-kNNC

W

SVM, k-means

Evolutionary algorithms

W

Natural evolution

Memetic algorithms

W

CSA

W

Evolutionary algorithms,
local search
Artificial immune systems

TS

W

Tabu search

BSE, RFOS

W

Sequential search

POP

F

Weakness, border instances

Riquelme et al. 2003

POC-NN

F

Raicharoen and Lursinsap 2005

kd-trees

F

Opposite class means,
border instances
kd-trees

GCM

F

Clustering

Mollineda et al. 2002

NSB

F

Clustering

Venmann and Reinders 2005

CLU

F

Clustering, interior instances

Lumini and Nanni 2006

OSC

F

Olvera-López et al. 2007a,b

WP

F

Clustering, border and
interior instances
Instance weight

PSR

F

Instance relevance

Olvera-López et al. 2008

Kuncheva 1995, 1997;
Kuncheva and Bezdek
1998; Bezdek and
Kuncheva 2001; Cano
et al. 2003
García et al. 2008
Garain 2008
Cerverón and Ferri 2001;
Zhang and Sun 2002
Olvera-López et al. 2005, 2007a,b

Narayan et al. 2006

Paredes and Vidal 2000

by the user) of the most relevant instances per class and through them, the most similar
instances belonging to different classes (border instances) are also selected.

3 Discussion
In this section, we give a brief discussion about the characteristics and performance of the
instance selection methods described in Sect. 2.
In Table 1, as a summary, the characteristics of the methods described in Sect. 2 are shown.
This table contains four columns:
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Method. The name of the instance selection method.
Kind. The kind of the instance selection method, Wrapper (W) or filter (F).
Based on. The main idea on which the selection criterion is based on.
Reference. The author(s) of the method.

It can be noticed that most of the methods are wrapper, mainly based on the k-NN rule. A
characteristic of the earliest proposed CNN (its extensions and similar methods such as IB) is
that they are based on retaining misclassified instances; this strategy retains noisy instances
since they are misclassified by its neighbors. Among the methods based on this selection
criterion, IB3 presents the best performance in both classification accuracy (obtained by S)
and retention (|S|). The drawback of retaining noisy instances can be solved by using a noise
filter method, the best known and with a good performance among its variants is ENN. Since
in a training set only a few instances are noisy, the ENN reduction is not as big as in other
instance selection methods.
Acording to reported experiments (Wilson and Martínez 2000; Brighton and Mellish 2002;
Olvera-López et al. 2009), the DROP methods are among the most successful; the best one
is DROP3 and it outperforms (in both classification and reduction) to several well known
previous proposed wrapper methods and even to some filter ones. A more recently approach
that is competitive in accuracy against the DROP3 (as it can be seen in Chien-Hsing et al.
2006; Olvera-López et al. 2008) is GCNN. When k-NN is used for evaluating S, DROP3 is
a good option for selecting instances but some results reported (Grochowski and Jankowski
2004; Olvera-López et al. 2009) have shown that evaluating S using other classifiers, different
from k-NN, the subsets selected by DROPs are not as good in accuracy as when k-NN is used;
this is expected because like most of the wrapper methods, the DROPs selection criterion is
based on the k-NN rule.
A characteristic of some wrapper approaches like TS, evolutionary algorithms, memetic algorithms, and those based on sequential search is that they can use any classifier for
selecting S during the selection process; this is an advantage over other methods since the
selection can be done with the classifier that will be used during the classification stage. TS has
shown better performance in accuracy and retention than evolutionary algorithms (Bezdek
and Kuncheva 2001; Cerverón and Ferri 2001) but the approaches based on sequential search
(Olvera-López et al. 2008) outperform TS in accuracy.
Cano et al. (2003) presented an experimental study of different evolutionary algorithms;
according to their results, the evolutionary CHC approach (heterogeneous recombination
and cataclysm mutation) achieve the best performance in accuracy and retention. In addition,
CHC was the method that required less runtime.
Filter methods have showed good performance with respect to wrappers, but only a few
methods of this approach have been proposed (in contrast to the wrapper approach). Several
selection criteria in filter methods are focused on selecting border instances (POP, POC-NN,
WT) due to these instances delimits the frontier regions and preserving them allows representing all different class regions; other methods select both border and interior instances
(OSC, PSR). According to the experimentation carried out by their authors (Paredes and
Vidal 2000; Riquelme et al. 2003; Raicharoen and Lursinsap 2005; Olvera-López et al. 2005,
2007b, 2008), filter methods reached good accuracy and retention with respect to some
methods such as CNN, IB2, ENN, DROP3 and GCNN.
The main characteristic of filter methods is that they spent less runtime than the
wrapper ones (Raicharoen and Lursinsap 2005; Olvera-López et al. 2008). Additionally,
since filter selection criterion is not related to a classifier, the obtained subsets achieve
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acceptable accuracies when different classifiers are used (as shown the experimentation in
Riquelme et al. 2003; Olvera-López et al. 2007b, 2008).
Commonly, instance selection methods present the scaling up problem: runtimes grow (in
some cases, the methods become inapplicable) when very large datasets are processed. Some
ideas for reducing the runtimes have been proposed. Cano et al. (2005) proposed dividing
T into r disjoint sets (strata) D1 , D2 , . . . , Dr of equal size and maintaining the class distribution of T; after the splitting phase, any instance selection method is separately applied
over each D j and S is the set of all the instances selected in each D j . In De Haro-García
and García-Pedrajas (2009) the same idea is followed but in an recursive way: first the data
is divided into small disjoints subsets and then an instance selection method is separately
applied over each one of them; after, the selected instances are joined in subsets of proximately the same size and the instance selection method is applied over these subsets; the
process is repeated until a validation error starts to grow. This idea is not only focused on
reducing runtimes but also on improving the classification accuracies (with respect to those
obtained by the used instance selection method used over each subset). In order to do this,
two approaches have been proposed; the first one consist in randomly including a percentage
of the removed instances and the second one consists in discarding p only if two consecutive instance selection steps select p for removing. It is important to highlight that that the
strategies proposed in Cano et al. (2005), De Haro-García and García-Pedrajas (2009) can be
applied using any instance selection method but they do not constitute an instance selection
by themselves.

4 Conclusions
In the field of supervised learning, instance selection is an important task, especially for
instance-based classifiers, because through this task, superfluous instances are removed
from the training set, which could reduce runtimes in the learning and classification
stages.
Several authors have proposed different solutions for the instance selection problem; in
this work, a review about instance selection methods was presented. The works described in
this paper were grouped in two categories: wrapper and filter. Based on the results reported
in the literature about instance selection, among the wrapper methods based on the k-NN
rule, the best options for selecting instances are DROP3 and GCNN since they have good
performance in both accuracy and retention; between them, the best reduction is obtained by
DROP3 however, GCNN is a good option for medium/large datasets where DROP3 becomes
inapplicable.
Another kind of wrapper methods are not restricted to use the k-NN rule during the selection process, in this case, TS, CHC, memetic algorithms and those based on sequential search
seem to be a good option for selecting instances. These methods are competitive in accuracy
(in some cases better) with those successful wrapper ones but they are much slower than
k-NN based wrapper methods.
The selection criterion in filter methods is not based on a classifier, some methods of this
type are focused on selecting border instances, among them, POC-NN, OSC and PSR have
good performance, reaching with the selected subsets, acceptable accuracy rates when different classifiers are used. Filter methods are competitive with the wrapper in both accuracy
and retention and, as an additional characteristic, filter methods are faster than wrapper when
medium/large datasets are processed.
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Instance selection methods have to deal with the scaling up problem when very large
training sets are processed; for these cases, the strategies proposed in Cano et al. (2005), De
Haro-García and García-Pedrajas (2009) are good options for dealing with this problem.
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