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The overproduce-and-choose strategy, which is divided into the overproduction and selection phases, has
traditionally focused on finding the most accurate subset of classifiers at the selection phase, and using
it to predict the class of all the samples in the test data set. It is therefore, a static classifier ensemble
selection strategy. In this paper, we propose a dynamic overproduce-and-choose strategy which combines
optimization and dynamic selection in a two-level selection phase to allow the selection of the most
confident subset of classifiers to label each test sample individually. The optimization level is intended
to generate a population of highly accurate candidate classifier ensembles, while the dynamic selection
level applies measures of confidence to reveal the candidate ensemble with the highest degree of con-
fidence in the current decision. Experimental results conducted to compare the proposed method to a
static overproduce-and-choose strategy and a classical dynamic classifier selection approach demonstrate
that our method outperforms both these selection-based methods, and is also more efficient in terms of
performance than combining the decisions of all classifiers in the initial pool.

© 2008 Elsevier Ltd. All rights reserved.

1. Introduction

Classifier ensembles techniques attempt to overcome the com-
plex task of designing a robust, well-suited individual classifier by
combining the decisions of relatively simpler classifiers. Two main
approaches for the design of classifier ensembles are defined in the
literature: (1) classifier fusion; and (2) classifier selection [1--3].
Classifier fusion relies on the assumption that all ensemble mem-
bers make independent errors. Thus, combining the decisions of
the ensemble members may lead to increasing the overall perfor-
mance of the system. Bagging [4], boosting [5] and the random
subspace method [6] are frequently used for the generation of en-
semble members, while majority voting, sum, product, maximum
and minimum [7] are examples of functions used to combine their
decisions. Nonetheless, there is no guarantee that a particular en-
semble generation method will achieve error independence. When
the condition of independence is not verified, it cannot be assured
that the combination of classifier members' decision will improve
the final classification performance.

Classifier selection is traditionally defined as a strategy which
relies on assuming that each ensemble member is an expert in some
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local regions of the feature space [1], thereby avoiding the assump-
tion of independence among classifier members. The most locally
accurate classifier is selected to estimate the class of each particular
test pattern. Two categories of classifier selection techniques exist:
static and dynamic. In the first case, regions of competence are de-
fined during the training phase, while in the second case, they are
defined during the classification phase taking into account the char-
acteristics of the sample to be classified [2,3]. However, there is a
drawback to both selection strategies: when the local expert does
not classify the test pattern correctly, there is no way to avoid the
misclassification [8]. Moreover, these approaches, for instance dy-
namic classifier selection with local accuracy (DCS-LA) [3], often in-
volve high computing complexity as a result of estimating regions of
competence. In addition, they may be critically affected by values of
parameters such as the number of neighbors considered for regions
defined by k nearest neighbors (kNNs) and distance functions.

Another definition of static classifier selection can be found in
the neural network literature. It is called either the overproduce-
and-choose strategy (OCS) [9] or the test-and-select methodology [10].
From this different perspective, the overproduction phase involves
the generation of an initial large pool of candidate classifiers, while
the selection phase is intended to select the best performing subset
of classifiers, which is then used to classify the whole test set. The
assumption behind OCS is that candidate classifiers are redundant
as an analogy with the feature subset selection problem [11]. In [12],
Zhou et al. formally showed that finding the most relevant subset of
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classifiers is more efficient in terms of performance than combining
all the available classifiers.

The overproduction phase may be undertaken using any ensem-
ble generationmethod and base classifiermodel. The selection phase,
however, is the fundamental issue in OCS, since it focuses on finding
the subset of classifiers with optimal accuracy. Although the search
for the optimal subset of classifiers can be exhaustive [10], search
algorithms might be used when a large initial pool of candidate clas-
sifiers C is involved due to the high computing complexity of an ex-
haustive search. Given the initial pool C = {c1, c2, . . . , cn} generated
at the overproduction phase, the size of P(C) is 2n, where P(C) is
the powerset of C defining the population of all possible candidate
ensembles Cj . Hence, several algorithms have been applied in the
literature for the selection phase, ranging from ranking the n best
classifiers [13] to genetic algorithms (GAs) [11]. Diversity measures,
performance [11,13] and ensemble size [11] are frequently employed
as search criteria.

OCS is subject to two main problems. First, a fixed subset of clas-
sifiers defined using a training/optimization data set may not be
well adapted for the classification of the whole test set. This prob-
lem is similar to searching for a universal best individual classifier,
i.e. due to differences among samples, there is no individual clas-
sifier that is perfectly adapted for every test sample. Moreover, as
stated by the "No Free Lunch'' theorem [14], no algorithm may be
assumed to be better than any other algorithm when averaged over
all possible classes of problems. The second problem occurs when
Pareto-based algorithms, for instance the fast elitist non-dominated
sorting GA (NSGA-II) [15], are used in the selection phase. These al-
gorithms are efficient tools for OCS due to their capacity to solve
multi-objective optimization problems (MOOPs) such as the simulta-
neous use of diversity and classification performance as the objective
functions [11]. The Pareto-based algorithms use the Pareto domi-
nance criterion to solve MOOPs. Since a Pareto front is a set of non-
dominated solutions representing different tradeoffs with respect to
the multiple objective functions, the task of selecting the best candi-
date ensemble is difficult because all solutions over the Pareto front
are equally important. This is a persistent problem in MOOPs appli-
cations. Often, only one objective function is taken into account to
perform the choice of the best solution. In Ref. [11], for example, the
solution with the lowest error rate was picked up to classify the test
samples, even though the solutions were optimized regarding both
diversity and classification performance measures.

In this paper, we propose a dynamic OCS (DOCS), which relies
on combining optimization process and dynamic selection to com-
pose a two-level selection phase (see Fig. 2). In the overproduction
phase, an ensemble creation method, such as bagging or the ran-
dom subspace method, is applied to obtain the initial pool of can-
didate classifiers C. Thus, at the first level of the selection phase, a
population-based search algorithm is employed to generate a popu-
lation C∗′ = {C1, C2, . . . , Cw} of highly accurate candidate ensembles
Cj . This population is denoted C∗′

to indicate that it was obtained by
using a validation process, as described in Ref. [11]. Assuming C∗ as
the population found using an optimization data set, C∗′

is an alter-
native population found using a validation data set to avoid over-
fitting. At the second level, the ensembles in C∗′

are considered for
dynamic selection in order to identify, for each test sample xi,g , the

solution C∗′
j

most likely to be correct for classifying it.
Our objective is to overcome the three drawbacks mentioned

above: Rather than selecting only one candidate ensemble found
during the optimization level, as is done in static OCS (SOCS), the se-
lection of C∗′

j
is based directly on the test patterns. Our assumption

is that the generalization performance will increase, since all poten-
tial high accuracy candidate ensembles from the population C∗′

are
considered to select the most competent solution for each test sam-
ple. (1) This is particularly important in problems involving Pareto-

based algorithms, because our method allows all equally competent
solutions over the Pareto front to be tested; (2) Instead of using only
one local expert to classify each test sample, as is done in traditional
classifier selection strategies (both static and dynamic), the selection
of a subset of classifiers may decrease misclassification; and, finally,
(3) Our dynamic selection avoids estimating regions of competence
and distance measures in selecting C∗′

j
, since it relies on calculating

confidence measures rather than on performance.
In Ref. [16], we first introduced the idea that choosing the can-

didate ensemble with the largest consensus to predict the test pat-
tern class leads to selecting the solution with greatest certainty in
the current decision. We proved both theoretically and experimen-
tally that the selection of the solution with least ambiguity among
its members permits an increase in the "degree of certainty'' of the
classification [17], increasing the generalization performance as a
consequence. These interesting results motivated us to investigate
two other confidence measures in this paper which also measure the
extent of consensus of candidate ensembles: (1) Margin, inspired by
the definition of margin, measures the difference between the num-
ber of votes assigned to the two classes with the highest number of
votes, indicating the candidate ensemble's level of certainty about
the majority voting class; and (2) strength relative to the closest class
[18] also measures the difference between the number of votes re-
ceived by the majority voting class and the class with the second
highest number of votes; however, this difference is divided by the
performance achieved by each candidate ensemble when assigning
the majority voting class for samples contained in a validation data
set. This additional information indicates how often each ensemble
made the right decision in assigning the selected class. Different en-
sembles may have different levels of confidence for the same class
[18].

Besides these two new confidence measures, ambiguity is also
investigated, as is DCS-LA, which was tailored for the selection
of classifier ensembles to be compared to the three confidence-
based dynamic selection methods. In Ref. [16], we showed that our
ambiguity-guided dynamic selection outperformed DCS-LA. How-
ever, only the random subspace method was applied to generate
the initial pool of decision tree (DT) classifiers. In this paper, bagging
and the random subspace method are used to generate ensemble
members, while DT and kNN classifiers are used for the creation of
homogeneous ensembles in the overproduction phase, showing that
the validity of our approach does not depend on the particulars of
the ensemble generation method. Single- and multi-objective GAs
are used to perform the optimization of our DOCS, employing five
objective functions for assessing the effectiveness of candidate en-
sembles. These objective functions comprise four diversity measures
and the ensemble's classification error rate.

This paper is organized as follows. Section 2 presents research
work related to dynamic classifier selection (DCS). Our proposed
DOCS is introduced in Section 3. Then, Sections 4 and 5 describe
the optimization and dynamic selection performed in the two-level
selection phase by population-based GAs and confidence-based
measures, respectively. Finally, the parameters employed in the
experiments and the results obtained are presented in Section 6.
Conclusions and suggestions for future work are discussed in
Section 7.

2. Related Work

Classical DCS methods are divided into three levels, as illustrated
in Fig. 1. (1) The classifier generation level uses a training data set (T)
to obtain classifiers to composeC; (2) region of competence generation
usesT or an independent validation data set (V) to produce regions
of competence (Rj); and (3) dynamic selection chooses a winning par-
tition (R∗

j
) and the winning classifier (c∗

i
), over samples contained in
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Fig. 1. The classical DCS process: DCS is divided into three levels focusing on training individual classifiers, generating regions of competence and selecting the most
competent classifier for each region.

Table 1
Compilation of some of the results reported in the DCS literature highlighting the type of base classifiers, the strategy employed for generating regions of competence, and
the phase in which they are generated, the criteria used to perform the selection and whether or not fusion is also used (Het: heterogeneous classifiers)

Reference number Classifier members Regions of competence Partition phase Selection criteria Selection/fusion

[1] DT Blocks of samples Training Accuracy Selection
[2] Het kNN rule Test Accuracy Selection
[3] Het kNN rule Test Accuracy Selection
[19] kNN Different features Training Distance measure Selection
[21] MLP Clustering Training Distance and accuracy Selection
[22] Het Clustering Training Distance and accuracy Selection
[23] MLP/Het Clustering Training Distance and accuracy Selection or fusion
[24] Bayesian Clustering Training Distance measure Selection or fusion
[25] kNN kNN rule Test Oracle Selection and fusion
[26] Het Clustering Training Accuracy and diversity Selection and fusion

R∗
j
, to assign the label �k to the sample xi,g from the test data set

(G). The selection is called dynamic because levels 2 and 3 are per-
formed during the test phase, i.e. based on samples xi,g . However,
several methods reported in the literature as DCS methods preesti-
mate regions of competence during the training phase [1,19,20] and
perform only the third level during the test phase. Thus, the term
DCS will hereafter be used to refer to approaches, which assign la-
bel �k taking into account the test samples, whatever the phase in
which the regions of competence are generated.

The main difference between the various DCS methods is the
strategy employed to generate regions of competence. kNNs [3], clus-
tering [21] and various training data sets [19] are examples of tech-
niques used. In DCS-LA, proposed by Woods [3], the first level gen-
erates a population of five heterogeneous classifiers through feature
subset selection. The algorithm defines the local region R∗

j
as the set

of kNNs from T surrounding xi,g . Thus, at the third level, the local
accuracy of each ci is estimated, and the most locally accurate clas-
sifier c∗

i
is then selected to classify xi,g . Giacinto and Roli [2] pro-

posed an approach very similar to Woods' method. The difference is
that the local region used to estimate the individual performances
of each ci is defined as the NN from V that have a similarity with
xi,g that is higher than a threshold. Such a similarity is measured by
comparing the vector of class labels assigned by each ci to xi,g and
to its neighbors.

In the clustering and selection method proposed by Kuncheva
[21], multilayer perceptrons (MLPs) with different nodes in the hid-
den layer compose C. Thus, at the second level, the feature space is
partitioned into clusters using the K means algorithm, and cluster
centroids are computed. At the third level, the region with a cluster

center nearest to xi,g is picked up as R∗
j
and the ci with the high-

est classification accuracy is nominated to label xi,g . Liu et al. [22]
presented a clustering and selection-based method that first gen-
erates three heterogeneous classifiers to compose C. At the second
level,T is divided into two groups for each ci: (1) correctly classified
training samples; and (2) misclassified training samples. These two
groups are further partitioned using a clustering algorithm to com-
pose regions of competence, i.e. each ci has its own. At the dynamic
selection level, the cluster closest to xi,g from each of ci's regions of
competence is pointed out and the most accurate classifier is chosen
to assign xi,g 's label.

Singh and Singh [19] described a DCS method for image region
labeling in which the first level generates C by training each ci (kNN
classifiers) with n different training data sets which are obtained
through applying n different texture analysis methods. The regions
of competence are defined at the second level as the class centroids
of each training data set. The selection level measures the distance
between xi,g and all the class centroids. Then, the ci responsible
by the closest region is selected to classify xi,g . In Ref. [1], a DCS
method for data streammining applications is proposed. For the first
level, T is divided into n chunks which are further used to train the
n DT classifiers that compose C. Local regions are generated with
statistical information on the attribute values of samples from V.
Finally, at the third level, the most accurate classifier in the region
sharing the same statistical information on attribute values with xi,g
is selected to label it.

It is important to mention that all these methods pick up only
one candidate classifier to make the decision. This may lead to a
classifier with a low level of confidence in its decision, or even one
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with a wrong decision, being chosen. A combination of selection and
fusion has been investigated in the literature as a strategy for avoid-
ing this drawback. Kuncheva [23] proposed to use statistical tests to
switch between selection and fusion. The classifier c∗

i
, selected using

clustering and selection [21], is employed to label xi,g only when it
is significantly better than the remaining classifiers. Otherwise, all
classifiers in C are combined through decision templates. Gunes et
al. [24] applied a fuzzy clustering algorithm in combination with am-
biguity rejection in order make it possible to deal with overlapping
regions of competence. They switch between classifying xi,g using
either c∗

i
or the combination of the best adapted classifiers whether

xi,g falls into a single cluster or into an ambiguous cluster, respec-
tively. The k-nearest-oracles (KNORA) method proposed by Ko et
al. [25] explores the properties of the oracle concept [37] to select
the most suitable classifier ensemble for each test sample. KNORA
first finds the set of kNNs from V surrounding xi,g . Then the algo-
rithm selects each classifier ci, which correctly classifies this set of
neighbors, to compose a classifier ensemble. This selected classifier
ensemble is then used for classifying xi,g . Finally, Soares et al. [26]
have tailored Kuncheva's method [23] to select candidate classifiers
based on accuracy and diversity.

Table 1 summarizes the DCS methods reported in the literature
and mentioned in this section. It is interesting to note that hetero-
geneous classifiers at the first level, clustering at the second level
and accuracy as a selection criterion at the third level are most of-
ten applied. The method proposed in this paper does not follow the
classical definition of DCS, however, and so a partition generation
procedure is not needed and the selection level is not based on ac-
curacy. Instead, our approach is based on the definition of OCS. We
propose a dynamic OCS that combines, in the selection phase, an op-
timization process to generate candidate classifier ensembles and a
dynamic selection performed by calculating a measure of confidence.
Our method is described in the following section.

3. The proposed dynamic OCS

Traditionally, OCS is divided into two phases: (1) overproduction;
and (2) selection. The former is devoted to constructing C. The latter
tests different combinations of these classifiers in order to identify
the optimal solution, C∗′

j
. Fig. 2 shows that, in SOCS, C∗′

j
is picked

Fig. 2. Overview of the proposed DOCS. The method divides the selection phase into an optimization level, which yields a population of ensembles, and a dynamic selection
level, which chooses the most competent ensemble for classifying each test sample. In SOCS, only one ensemble is selected to classify the whole test data set.

up from the population of candidate ensembles, C∗′
, found and ana-

lyzed during the selection phase, and is used to classify all samples
contained in G. However, as mentioned in the introduction, there is
no guarantee that the C∗′

j
chosen is indeed the solution most likely

to be the correct one for classifying each xi,g individually.
We propose a DOCS in this paper, as summarized in Fig. 2 and

Algorithm 1. In the overproduction phase, T is used by an ensemble
creation method to generate C. Thus, the selection phase is divided
into two levels: (1) optimization; and (2) dynamic selection. In this
paper, the optimization is performed by GAs guided by both single-
and multi-objective functions. In order to avoid overfitting at this
level, we employ the same global validation strategy as described in
[11]. According to this strategy, an optimization data set (O) is used
by the search algorithm to calculate fitness, and V is used to keep
stored, in an auxiliary archive, the population of n best solutions
for the GA or the Pareto front for NSGA-II found before overfitting
starts to occur. Such a population of solutions, C∗′

, is further used at
the dynamic selection level, which allows the dynamic choice of C∗′

j
to classify xi,g , based on the certainty of the candidate ensemble's

decision. Finally, C∗′
j

is combined by majority voting.

Algorithm 1. Dynamic Overproduce and Choose Strategy (DOCS).

1: Design a pool of classifiers C.
2: Perform the optimization level using a search algorithm to

generate a population of candidate ensembles C∗′
.

3: for each test sample xi,g do
4: if all candidate ensembles agree on the label then
5: classify xi,g assigning it the consensus label.
6: else
7: perform the dynamic selection level calculating

the confidence of solutions in C∗′
;

8: if a winner candidate ensemble is identified
9: select the most competent candidate ensemble

C∗′
j

to classify xi,g

10: else
11: if a majority voting class among all candidate

ensembles with equal competence is identified
then
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12: assign the majority voting class to xi,g
13: else
14: select the second highest competent candidate

ensemble
15: if a majority voting class among all candidate

ensembles with the first and the second highest
competence is identified then

16: assign the majority voting class to xi,g
17: else
18: randomly select a candidate ensemble to

classify xi,g
19: end if
20: end if
21: end if
22: end if
23: end if

3.1. Overproduction Phase

In the overproduction phase, any ensemble generation technique
may be used, such as varying the classifier type [13], the classifier
architecture [10], the learning parameter initialization [1], boosting
[27], the random subspacemethod [11], etc. In this paper, we employ
bagging (BAG) and the random subspace (RSS) method to generate
C. RSS [6] works by randomly choosing n different subspaces from
the original feature space. Each random subspace is used to train
one individual classifier ci. BAG is a bootstrap technique [4] which
builds n replicate training data sets by randomly sampling, with
replacement, from T. Thus, each replicated data set is used to train
one ci.

3.2. Selection phase

The selection phase may be conducted by exhaustive enumera-
tion [10] or heuristic rules [9], or as an optimization problem guided
by search algorithms [13,11]. As shown in Fig. 2, the selection phase
in our method is divided into two levels, optimization and dynamic
selection, as described in the following sections.

4. Optimization level

In this section, we discuss the search criterion and the search
algorithm, which are the two main factors analyzed when dealing
with the optimization level.

4.1. Search Criteria

Ensemble combination performance, ensemble size and diversity
measures are the most frequent search criteria employed in the lit-
erature [11,13]. Performance is the most obvious of these, since it al-
lows the main objective of pattern recognition, i.e. finding predictors
with a high recognition rate, to be achieved. In terms of ensemble
size, we have shown in Ref. [11] that the reduction in the number of
classifiers is a consequence of the optimization task, whatever the
objective function used to guide the search. Hence, there is no need
to explicitly include ensemble size in the optimization level. Finally,
the important role played by diversity is clearly defined in the lit-
erature, because ensembles of classifiers are more accurate than in-
dividual classifiers only when classifier members present diversity
among themselves [28]. Although the relationship between diversity
and performance is unclear, OCS offers a way of explicitly using di-
versity to improve performance, leading to the selection of accurate
and diverse candidate ensembles. From these standpoints, the opti-
mization level of our DOCS is performed by using only minimization

of the error rate (1-performance) and maximization of diversity as
search criteria.

Various approaches to defining diversity have been proposed.
Kuncheva and Whitaker [28] three groups of diversity measures
among the 10 investigated: (1) double fault; (2) coincident failure
diversity; and (3) the remaining eight. We chose to use the double
fault (�) and coincident failure diversity (�), as well as the difficulty
measure (�) from the third group. In addition, we selected ambiguity
(�) (as defined in Ref. [29]), which was not investigated in Ref. [28].
It is worth noting that dissimilarity measures, such as � and �, must
be maximized, while similarity measures, such as � and �, must be
minimized when used as objective functions during the optimization
process. In addition, �, � and � are calculated on the whole candidate
ensemble, while � is calculated for each pair of classifiers, since it is
a pairwise measure. These measures are described below:

(a) Ambiguity: Given the candidate ensemble Cj = {c1, c2, . . . , cl}
and its output �k , the ambiguity of the i-th classifier for sample x is
calculated as follows:

ai(x) =
{
0 if yi = �k,

1 otherwise,
(1)

where yi is the output of the i-th classifier. If we let X be the data set,
|X| its cardinality and |Cj| the ensemble's size, then the ambiguity
for the whole Cj is as follows:

� = 1
|X|.|Cj|

∑
i∈Cj

∑
x∈X

ai(x). (2)

(b) Coincident failure diversity: This measure is based on the same
distribution F as proposed for �. Here, however, Y = i/|Cj| denotes
the proportion of classifiers that do not correctly classify x. If p(q)

is the probability that q classifiers will fail when classifying x, this
measure is defined as follows:

� =
{0, p0 = 1.0,

1
(1 − p0)

∑|Cj |
q=1

q

|Cj|
(q − 1)

(|Cj| − 1)
pq, p0 <0.

(3)

(c) Difficulty measure: Letting F be calculated from {0/|Cj|,1/|Cj|,
. . . ,1}, which represents the number of classifiers in Cj that correctly
classify x, this measure may be calculated as follows:

� = Var(F) (4)

(d) Double-fault: Let Nab be the number of examples classified in
X , where a, b determine whether the classifier is correct (1) or not
(0). This pairwise measure is defined for a pair of classifiers ci and
ck as follows:

�i,k = N00

N11 + N10 + N01 + N00
(5)

4.2. Search algorithms: single- and multi-objective GAs

Evolutionary algorithms are attractive search algorithms, since
they allow classifier ensemble selection tasks to be implemented
quite easily as optimization processes. Besides, they generate pop-
ulations of candidate ensembles which may be analyzed at the dy-
namic selection level of our DOCS. (1) Single- and (2) multi-objective
GA (MOGA) are the two strategies available when dealing with GAs.
These two strategies are discussed in this section. In order to clarify
the proposed DOCS, we will use a case study obtained in one repli-
cation using the NIST-letters database (Section 6) throughout this
paper. The initial pool of DT classifiers was generated using RSS. The
maximum number of generations is fixed at max(g) = 1000 and the
size of the population of individuals for both GAs is 128.
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Fig. 3. Ensembles generated using single-objective GA guided by � in Fig. 3(a) and NSGA-II guided by � and � in Fig. 3(b). The output of the optimization level obtained as
the n best solutions by GA in Fig. 3(c) and the Pareto front by NSGA-II in Fig. 3(d). These results were calculated for samples contained in V. The black circles indicate
the solutions with lowest �, which are selected when performing SOCS. (a) GA---Evaluated solutions, (b) NSGA-II---Evaluated solutions, (c) GA---n best solutions and (d)
NSGA-II---Pareto front.

When the optimization level is conducted as a single-objective
problem, GA is guided by an objective function for assessing the
effectiveness of candidate ensembles. Fig. 3a depicts this process.
Although GA was guided by the minimization of the error rate (�) as
the objective function, we show plots of � versus � to better illus-
trate the process. Each point on the plot corresponds to a candidate
ensemble, i.e. they represent all solutions evaluated for max(g). The
population C∗′

(circles) is composed of the n best solutions. We fixed
n = 21 (see Section 6). In Fig. 3(c), only the 21 best solutions are
shown.

In SOCS, C∗′
j

is assumed to be the solution with the lowest �,

black circle in Fig. 3(c), without knowing whether the C∗′
j

chosen is

indeed the best solution for correctly classifying each xi,g . Hence,
the additional dynamic selection level proposed in this paper is a
post-processing strategy which takes advantage of the possibility of
dealing with a set of high-performance solutions rather than only
one. In this way, thewhole population C∗′

is picked up at the dynamic
selection level of our method. The parameter n should be defined
experimentally.

MOGAs are often solutions to optimization processes guided by
multi-objective functions. Since the combination of � and diversity
measures as search criteria has been investigated in the literature
as a strategy for selecting accurate and diverse candidate ensembles
[30,29], MOGAs allow the simultaneous use of both measures to
guide the optimization level in our method. These algorithms use
Pareto dominance to reproduce the individuals. The selection of C∗′

j
is more difficult in this context, since a Pareto front is a set of non-
dominated solutions representing different tradeoffs between the
multiple objective functions. In our optimization process, a candidate
ensemble solution Ci is said to dominate solution Cj , denoted Ci�Cj ,
if Ci is no worse than Cj on all the objective functions and Ci is
better than Cj in at least one objective function. Based on this non-
domination criterion, solutions over the Pareto front are considered
to be equally important.

Among several Pareto-based evolutionary algorithms proposed
in the literature, NSGA-II (elitist non-dominated sorting GA) [15]
appears to be interesting because it has two important character-
istics: a full elite-preservation strategy and a diversity-preserving
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Table 2
Case study: the results obtained by GA and NSGA-II when performing SOCS are
compared with the result achieved by combining all classifiers in the initial pool C

Optimization level Error rate C∗′
j

size Average size of Cj ∈ C∗′

Combination 6.06 100 --
NSGA-II (� & �) 5.86 45 50 (2.50)
GA (�) 5.90 55 55 (3.89)

mechanism using the crowding distance as the distance measure.
The crowding distance does not require any parameter to be set
[15]. Elitism is used to provide a means to keep good solutions
among generations, and the diversity preservation mechanism is
used to allow a better spread among the solutions over the Pareto
front.

NSGA-II [15] works as follows: At each generation step g, a par-
ent population C(g) of size w evolves and an offspring population
Cq(g), also of size w, is created. These two populations are com-
bined to create a third population Cr (g) of size 2w. The population
Cr (g) is sorted according to the non-dominance criteria and differ-
ent non-dominated fronts are obtained. Then, the new population
C(g + 1) is filled by the fronts according to the Pareto ranking. In
this way, the worst fronts are discarded, since the size of C(g + 1)

is w. When the last front allowed to be included into C(g + 1) has
more solutions than the C(g+1)'s available free space, crowding dis-
tance is measured in order to select the most isolated solutions in
the objective space to increase diversity. Algorithm 2 summarizes
NSGA-II.

Algorithm 2. Fast elitist non-dominated sorting GA (NSGA-II)

1: Create initial population C(1) of w chromosomes
2: while g <max(g) do
3: create Cq(g)

4: set Cr (g) = C(g) ∪ Cq(g)

5: perform a non-dominated sorting to Cr (g) and
identify different fronts Ck , k = 1,2, . . . , etc

6: while |C(g + 1)| + |Ck|�w do
7: set C(g + 1): = C(g + 1) ∪ Ck
8: set k: = k + 1
9: end while

10: perform crowding distance sort to Ck
11: set C(g + 1): = C(g + 1) ∪ Ck�1 : (w − |C(g + 1)|)�
12: create Cq(g + 1) from C(g + 1)

13: set g: = g + 1
14: endwhile

Fig. 3(b) shows all the classifier ensembles evaluated using NSGA-
II guided by the following pair of objective functions: jointly mini-
mize � and �. Here, the Pareto front is assumed to be C∗′

, circles in
Figs. 3(b) and (d). Although the solutions over the Pareto front are
by definition equally important, the candidate ensemble with the
lowest �, the black circle in Fig. 3(d), is usually chosen to be C∗′

j
in

classical SOCS, as was done in Refs. [11,30].
Considering this case study, Table 2 shows the results calculated

using samples from G comparing SOCS and the combination of the
initial pool of classifiersC. The selection of a subset of classifiers using
SOCS outperformed the combination of C. It is interesting to observe
that NSGA-II was slightly superior to GA, and that the sizes of the
candidate ensembles in C∗′

found using both GAs were smaller than
the initial pool size. In addition, NSGA-II found a C∗′

j
even smaller

than the solution found by GA. The assumption of proposing an
additional dynamic selection level is that performance may still be
increased when selecting C∗′

j
dynamically for each xi,g .

5. Dynamic selection level

The selection process in classical DCS approaches is based on the
certainty of the classifiers decision for each particular xi,g . Conse-
quently, these methods explore the domain of expertise of each clas-
sifier to measure the degree of certainty of its decision, as described
in Section 2. The dynamic selection level proposed in this paper is
also based on decision certainty. However, instead calculating the
confidence of each individual classifier, our method calculates the
confidence of each candidate ensemble that composes C∗′

, when as-
signing a label for xi,g . In Ref. [16], we have shown that it is pos-
sible to calculate the certainty of a candidate ensemble decision by
measuring the extent of the consensus associated with it. The stand-
point is that the higher the consensus among classifier members, the
higher the level of confidence in the decision.

Considering a classification problem with the following set of
class labels �={�1, �2 . . . , �c}, the confidence level is related to the
posterior probability P(�k|xi,g ) that xi,g comes from class �k . Hansen
et al. [17] have observed that P(�k|xi,g ) may be calculated in the
context of an ensemble of classifiers by measuring the extent of the
consensus of ensembles, as given below:

Given the candidate ensemble Cj = {c1, c2, . . . , cl} and the output
of the i-th classifier yi(xi,g ), without loss of generality, we can assume
that each classifier produces a class label as output. The number of
votes v(�k|xi,g ) for class �k given xi,g is obtained as follows:

v(�k|xi,g ) = |{ci : yi(xi,g ) = �k}| (6)

Assuming majority voting as the combination function, the consen-
sus decision is

mv(xi,g ) = c
arg
k=1

max v(�k|xi,g ) (7)

Thus, the extent of consensus on sample xi,g is

P(�k|xi,g ) = v(mv(xi,g )|xi,g )

|Cj|
(8)

The extent of consensus measures the number of classifiers in agree-
ment with the majority voting. Consequently, by maximizing the ex-
tent of consensus of an ensemble, the degree of certainty that it will
make a correct classification is increased. Another important point
to mention is that no information on the correctness of the output
is needed. These observations allow us to present three confidence
measures that calculate the extent of consensus of each candidate
ensemble from the population C∗′

, to be used at the dynamic selec-
tion level of our DOCS: (1) ambiguity, (2) margin, and (3) strength
relative to the closest class. The first two measures are directly re-
lated to the evaluation of the extent of consensus. The third measure
also considers the candidate ensembles' performance measured for
each class involved in the classification problem. This additional in-
formation is calculated over samples contained in V. In addition,
DCS-LA is adapted to the context of DOCS to be compared to these
three confidence-based strategies.

5.1. Ambiguity-guided dynamic selection (ADS)

The classification ambiguity proposed by Zenobi and Cunningham
[29] attempts to estimate the diversity of opinions among classifier
members. This diversity measure, which is defined in Eq. (2), Section
4.1, appears to be well suited for the dynamic selection level we are
proposing, since it does not need knowledge on the correctness of
the decision.

It is important to note in Eq. (2) that, if we calculate the ambiguity
� for a particular test sample xi,g instead of calculating it for the
whole data set, � becomes the complement of the extent of consensus
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in Eq. (8). Denoting � calculated for the given xi,g as �̄, wemay assume
�̄ + P(�k|xi,g ) = 1. Thus, Eq. (2) simplifies to

�̄ = 1
|Cj|

∑
i∈Cj

ai(xi,g ) (9)

Since such a local ambiguity measures the number of classifiers in
disagreement with the majority voting, the minimization of �̄ leads
to the maximization of the extent of consensus. Consequently, the
certainty of correct classification is increased. In addition, although
�̄ does not take into account the label of the given sample, the min-
imization of �̄ also leads to the maximization of the margin in the
case of a correct classification. The so-called margin is a measure of
confidence of classification. There are two general definitions of mar-
gin reported in the literature [31]. The first definition is presented
below and the second is presented in Section 5.2.

The classification margin for sample xi,g is the following:

	(xi,g ) = v(�t |xi,g ) −
∑
k �=t

v(�k|xi,g ) (10)

where �t is the true class label of xi,g . Hence, the margin measures
the difference between the number of votes assigned for the true
class label and the number of votes given for any other class. Con-
sequently, the certainty of the classification is increased by trying
to maximize the margin. Based on the standpoints presented in this
section, our dynamic level guided by �̄, denoted ADS, will pick up C∗′

j
as the candidate ensemble with lowest �̄. The assumption is that the
candidate ensemble with the lowest �̄ presents the lowest possibility
of making a mistake when classifying xi,g .

However, it is important to mention the difference between �
(Eq. (2)) and �̄ (Eq. (9)). The former, called global ambiguity in this
paper, is used to guide the optimization level, and it is calculated
for the whole data set (O or V). The latter, called local ambiguity,
is used in the dynamic selection level calculated for each xi,g . Since
the global ambiguity is a dissimilarity measure (Section 4.1), it must
be maximized at the optimization level.

5.2. Margin-based dynamic selection (MDS)

The second measure proposed for use in guiding dynamic selec-
tion in our approach has been inspired by the second definition of
the margin. Following this definition, the margin of sample xi,g is
computed as follows:

	(xi,g ) = v(�t |xi,g ) − max
k �=t

v(�k|xi,g ) (11)

This equation calculates the difference between the number of votes
given to the correct class v(�t |xi,g ) and the number of votes given
to the incorrect class label with the highest number of votes. In our
approach, however, v(�t |xi,g ) is unknown, since the dynamic selec-
tion is performed for test samples. In order to employ this mea-
sure to guide the dynamic selection of our DOCS, we have tailored
the margin measure defined in Eq. (11) to our problem. Considering
v(mv|xi,g ) as the number of votes assigned to the majority voting
class, we propose to replace v(�t |xi,g ) by v(mv|xi,g ). In this way, the

margin of sample xi,g for each Cj from the population C∗′
may be

calculated as follows:

	(xi,g ) = v(mv|xi,g ) − maxk �=mvv(�k|xi,g )

|Cj|
(12)

Hence, our definition of margin measures the difference between the
number of votes assigned to themajority voting class and the number
of votes assigned to the class with second highest result. Then, the

margin value represents the confidence of the classifications, since
the higher the margin from Eq. (12), the higher the confidence of
the ensemble consensus decision. Thus, the dynamic selection level
guided by the margin, denoted MDS, will choose as C∗′

j
the candidate

ensemble with the highest margin. For instance, when 	(xi,g )=1 the
majority voting matches well to just one class, indicating the highest
level of certainty of correct classification.

5.3. Class strength-based dynamic selection (CSDS)

The definition of margin in Eq. (11) also inspired this third confi-
dence measure. Here, however, besides calculating Eq. (12), we also
consider the candidate ensemble's confidence with respect to the
identity of the majority voting class measured inV. This is additional
knowledge related to the performance achieved by each candidate
ensemble when assigning the chosen class. Our objective is to inves-
tigate whether or not performance may help a confidence measure,
which does not take into account the correctness of the output, to
increase the candidate ensemble's level of certainty of classification.

Strength relative to the closest class is presented in Ref. [18] as
a method for defining weights in DCS-LA. It is calculated for each
classifier ci to verify whether or not the input pattern is closely
similar to more than one class. We have adapted this measure to
enable us to calculate it for candidate ensembles Cj in the dynamic
selection of our DOCS. Assuming pj(mv) as the performance of Cj
measured over samples contained in V for the majority voting class,
strength relative to the closest class may be calculated for xi,g as
follows:


(xi,g ) = (v(mv|xi,g ) − maxk �=mvv(�k|xi,g ))/|Cj|
pj(mv)

(13)

A low value of 
(xi,g ) means a low level of certainty of correct
classification. In contrast, higher 
(xi,g ) leads to an increase in the
level of confidence of classification. Thus, the dynamic selection level
guided by 
, called CSDS, will choose as C∗′

j
the ensemble with the

highest 
(xi,g ) to classify xi,g .

5.4. Dynamic ensemble selection with local accuracy (DCS-LA)

As explained in Section 2, DCS-LA dynamically selects the most
accurate individual classifier from the population C to predict the
label of the test sample xi,g . Local accuracy is measured in the region
of competence composed as the set of kNNs fromT surrounding xi,g .
Woods et al. [3] compared two strategies to measure local accuracy:
(1) overall local accuracy; and (2) local class accuracy. In this paper,
we use the second strategy, since they concluded that this is the
strategy that achieves the better results.

Given the poolC and the class assigned by the i-th classifier,�y, to
the test sample xi,g , we denote Ny as the number of neighbors of xi,g

for which classifier ci has correctly assigned class �y, and
∑k

i=1Niy is
the total number of neighbors labeled for ci as class �y. According to
the definition provided in Ref. [3], the local class accuracy estimation
is computed as follows:

�ci (xi,g ) = Ny∑k
i=1Niy

(14)

Taking into account that DCS-LA was originally proposed to deal
with populations of classifiers, as summarized in Eq. (14), it cannot
be directly employed in problems involving populations of classifier
ensembles. Thus, we propose to change the DCS-LA with local class
accuracy estimation slightly in order to allow it to be used to guide
dynamic selection in our proposed approach. Given a population
C∗′

of candidate ensembles, we assume �y as the class assigned by
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Table 3
Summary of the four strategies employed at the dynamic selection level

Name Label ↑ / ↓
Ambiguity-guided dynamic selection ADS (↓)
Margin-based dynamic selection MDS (↑)
Class strength-based dynamic selection CSDS (↑)
Dynamic ensemble selection with local accuracy DCS-LA (↑)

The arrows specify whether or not the certainty of the decision is greater if the
strategy is lower (↓) or greater (↑).

Table 4
Case study: comparison among the results achieved by combining all classifiers in
the initial pool C and by performing classifier ensemble selection employing both
SOCS and DOCS

Optimization Combination SOCS ADS MDS CSDS DCS-LA

NSGA-II (� & �) 6.06 5.86 5.74 5.71 6.01 5.74
GA (�) 6.06 5.90 5.90 5.88 6.13 5.98

The lowest error rate is shown in bold.
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Fig. 4. Case study: histogram of the frequency of selection of candidate ensembles performed by each dynamic selection strategy. The population C∗′
is the n best solution

generated by GA (see Fig. 3(c)).

the candidate ensemble Cj (composed of l classifiers) to the test
pattern xi,g . We define as region of competence the set of kNNs
fromV surrounding xi,g . Clearly, DCS-LA can be critically affected by
the choice of the k parameter. The local candidate ensemble's class
accuracy is then estimated as follows:

�Cj
(xi,g ) =

∑l
i=1�ci (xi,g )

|Cj|
(15)

To summarize, in this paper, �Cj
for pattern xi,g is calculated as the

sum of the local class accuracy (�ci ) of each classifier composing Cj ,
divided by the size of Cj . The higher �Cj

, the greater the certainty of

the decision. Table 3 shows a summary of the four different strategies
proposed for use at the dynamic selection level of our DOCS.

Using the case study mentioned in Section 4, we compare, in
Table 4, the results obtained in G using the combination of the
initial pool C, SOCS and our DOCS employing the four dynamic
strategies presented in this section. These preliminary results show
that, except for CSDS, our dynamic method guided by confidence
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Fig. 5. Case study: histogram of the frequency of selection of candidate ensembles performed by each dynamic selection method. The population C∗′
is the Pareto front

generated by NSGA-II (see Fig. 3(d)).

Table 5
Specifications of the large data sets used in the experiments

Data set # of classes Train set T Optimization set O Validation set V Test set G Features RSS Pool C size

NIST-digits 10 5000 10,000 10,000 Test 1 60,089 32 100
Test 2 58,646

NIST-letters 26 43,160 3980 7960 12,092 32 100

measures outperformed SOCS performed by NSGA-II. In terms of the
single-objective GA, static and dynamic selection methods presented
similar results, except for CSDS and DCS-LA.

Figs. 4 and 5 show histograms of the frequency of selection of
each candidate ensemble performed using each dynamic selection
strategy presented in this section. The histograms in Fig. 4 were ob-
tained for the population C∗′

composed of n best candidate ensem-
bles generated by GA shown in Fig. 3(c), while the histograms in
Fig. 5 were obtained considering the Pareto front determined by II
shown in Fig. 3(d). Especially noteworthy is the fact that the test set
G used for the case study is composed of 12,092 samples (Table 5),

even though the dynamic selection level was conducted over only
325 and 436 of test samples for MOGA and GA respectively. All can-
didate ensembles in C∗′

agreed on the label for the remaining test
samples.

It is also important to observe in Fig. 5 that ADS, MDS and DCS-
LA more often selected as C∗′

j
the same candidate ensemble selected

statically (C1 in Fig. 3(d)). In contrast, the opposite behavior is shown
in Fig. 4. These results indicate why DOCS did not outperform SOCS
for the GA's population of candidate ensembles (see Table 4). In ad-
dition, two of the confidence-based dynamic strategies, namely ADS
and MDS, more frequently selected the same candidate ensembles as
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selected by DCS-LA, which is an accuracy-oriented strategy. These re-
sults support our assumption that selecting the candidate ensemble
with the largest consensus improves the performance of the system.
Moreover, considering the results obtained by CSDS, we can con-
clude that measures of confidence that do not take into account the
correctness of the output provide enough information about a can-
didate ensemble's level of certainty of classification. The additional
information calculated by CSDS through measuring the performance
of each candidate ensemble over samples in V did not help in find-
ing better performing ensembles. In next section, we present exper-
imental results to verify whether or not these preliminary results
are general, considering other databases and ensemble generation
methods.

6. Experiments

A series of experiments has been carried out to determine the
best strategy for the dynamic selection level proposed in our ap-
proach and to show whether or not DOCS is better than SOCS. As
a consequence, we also point out the best method for the overpro-
duction phase on comparing RSS and BAG, and the best search algo-
rithm and search criteria for the optimization level. We used seven
data sets divided into two groups: (1) two large; and (2) five small,
Tables 5 and 6, respectively. Taking into account that the data sets
from group 1 are large enough to be partitioned into the four inde-
pendent data sets, illustrated in Fig. 2: T, O, V and G, the classical
holdout validation strategy is employed for the evaluation of perfor-
mance using large data sets. By contrast, 10-fold cross-validation is
applied for the evaluation of performance using small data sets due
to the small number of samples available for evaluation.

The NIST digits Special Database 19 (NIST SD19), called NIST-
digits here, and the NIST SD19 handwritten uppercase letters [32],
called NIST-letters here, are the two large data sets used. We em-
ploy the representation proposed by Oliveira et al. [33], which is a
combination of concavity, contour and surface of characters. The fi-
nal feature vector is composed of 132 components: 78 for concavity,
48 for contour and 6 for surface. Table 5 lists important information
about the databases and the partitions used to compose the four
separate sets. There are two test sets from NIST-digits, called Test 1
(60,089 samples) and Test 2 (58,646 samples). Test 2 is well known
to be more difficult to use for classification than Test 1 [32].

Table 6 describes the five small data sets: the Dna and satimage
data sets are provided by Project Statlog on www.niaad.liacc.up.pt/
old/statlog; feltwell is a multisensor remote-sensing data set [34];
ship is a data set composed of forward-looking infra-red (FLIR) ship
images [35]; and texture is available within the UCI machine Learning
Repository. The original data sets were divided into 10 folds. Each
time, one of the 10 folds was used as G, another fold as V, a third
as O and the other 7 were put together to form T. This process was
repeated 10 times, i.e. our whole method summarized in Algorithm
1 was repeated for 10 trials. It is also important to mention that the
selection phase was replicated 30 times for each trial owing to the
use of stochastic algorithms. Thus, themean of the error rates over 30
replications for each trial were computed and the error rates reported

Table 6
Specifications of the small data sets used in the experiments

Data set Number of samples Number of classes Number of features Features RSS Pool C size

Dna 3186 3 180 45 100
Feltwell 10,944 5 15 8 100
Satimage 6435 6 36 18 100
Ship 2545 8 11 6 100
Texture 5500 11 40 20 100

Table 7
Genetic algorithms parameters

Population size 128
Number of generations 1000
Probability of crossover 0.8
Probability of mutation 0.01

One-point crossover and bit-flip mutation.

in all tables of results were obtained as the mean of the error rates
across all 10 trials. The selection phase performed for large data sets
was also replicated 30 times.

We chose DT and kNN as the base classifiers in our experiments.
The C4.5 algorithm [36] (Release 8) was used to construct the trees
with pruning. We used k = 1 for kNN classifiers without fine-tuning
this parameter in order to avoid additional experiments. Because
BAG is mostly effective with unstable classifiers, it was employed to
generate only a pool of 100 DT, while RSS was used to generate two
pools of 100 homogeneous classifiers: 100 DT and 100 kNN. The size
of the subsets of features used by RSS is shown in Table 5 for large
data sets and in Table 6 for small data sets. The same subspaces were
used for both kNN and DT classifiers.

The optimization level was applied in the context of GAs based
on binary vectors. Since we used initial pools of classifiers composed
of 100 members, each individual is represented by a binary vector
with a size of 100. Each bit determines whether a classifier is active
(1) or not (0). We defined the same genetic parameters employed in
Ref. [11] and summarized in Table 7. The same parameters were used
for the single-objective GA and NSGA-II. As mentioned in Section
4.2, we pick up all solutions over the Pareto front to constitute the
input of the dynamic selection level when NSGA-II is used at the
optimization level. When the single-objective GA is employed, the n

best solutions should be picked up as the optimization level output.
We set n = 21 in our experiments in an attempt to have a number
of candidate ensembles close to the number of candidate ensembles
over the Pareto front found by NSGA-II in order to better compare
the results obtained by both GAs.

To summarize, for the overproduction phase, three different ini-
tial pools of 100 homogeneous classifiers were created: 100 kNN
and 100 DT generated by RSS, and 100 DT generated by BAG. The
selection phase was divided into two levels: for the optimization
level, each diversity measure presented in Section 3.2 was employed
in combination with � to guide NSGA-II, while only � was used to
guide GA. For the dynamic selection level, all four dynamic strategies
defined in Section 5 were tested so that they could be compared.
We set k = 10 for experiments with DCS-LA in this paper, as em-
ployed in Refs. [26,20]. The results obtained are given in subsequent
sections.

6.1. Comparison of dynamic selection strategies

A summary of the experimental results comparing the four
dynamic selection strategies defined in Section 5 is given in
Tables A1--A3 in the appendix. The best result for each data set is

http://www.niaad.liacc.up.pt/old/statlog
http://www.niaad.liacc.up.pt/old/statlog
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Table 8
Error rates attained by several methods

Method Dna Feltwell NIST-digits NIST-letters Satimage Ship Texture

Test 1 Test 2

Bagging DT X-I � Y-I Y-II Y-II X-II � X-III � Y-I X-II �
Initial pool 5.02 12.80 5.65 10.99 7.63 9.59 8.09 3.60
Best classifier 5.87 10.59 9.70 16.62 14.31 12.77 9.08 6.64
Oracle of C 0.38 2.57 0.24 0.63 0.29 0.11 0.35 0.02
Best DOCS 4.75 11.69 5.14 10.06 7.50 9.21 7.72 3.41

RSS DT X-II � Y-II Y-II � X-II � X-II � X-III � Y-III X-II �
Initial pool 5.05 11.86 2.92 6.67 6.06 8.64 6.80 2.56
Best classifier 11.33 11.86 11.07 19.18 17.13 11.83 10.45 6.07
DT all features 6.85 16.81 10.30 18.20 13.5 14.17 10.92 7.56
Oracle of C 0.03 0.60 0.01 0.04 0.04 0.22 0.24 0.02
Best DOCS 4.59 11.50 2.77 6.45 5.84 8.63 6.95 2.35

RSS kNN Y-II X-I � Y-II Y-II X-III � Y-II X-II � X-II �
Initial pool 6.87 10.44 3.72 8.10 6.60 8.59 9.94 1.11
Best classifier 23.10 9.46 7.52 13.99 14.47 8.95 10.26 0.62
kNN all features 26.30 12.35 6.66 9.76 7.82 9.84 11.24 1.13
Oracle of C 0.03 0.67 0.05 0.17 0.18 0.36 0.28 0.04
Best DOCS 7.24 9.70 3.53 7.78 6.27 8.61 9.13 0.94

NSGA-II (X), GA (Y), I (DCS-LA), II (ADS), III (MDS), IV (CSDS). Values in bold and underlined indicate the best result in each data set for each overproduction method and
the best overall result for each data set, respectively.

Table 9
The error rates obtained, the data partition and the selection method employed in works which used the databases investigated in this paper (FSS: feature subset
selection)

Database Reference number Ensemble creation Classifiers members Partition strategy Selection type Error (%)

Dna [6] RSS DT Holdout Fusion 9.19
Feltwell [37] Het Het Cross-validation DCS-LA 13.62
NIST-digits Test 1 [30] RSS kNN Holdout SOCS 3.65
NIST-letters [38] FSS MLP Holdout SOCS 4.02
Satimage [37] Het Het Cross-validation DCS-LA 10.82
Ship [39] Het Het Holdout Fusion 5.68
Texture [3] DT Het Holdout DCS-LA 0.75

Table 10
Mean and standard deviation values of the error rates obtained on 30 replications comparing DOCS and SOCS with no rejection

Data set SOCS DOCS

NSGA-II (� & �) GA � NSGA-II (� & �) GA �

Dna 4.77 (0.17) 4.97 (0.16) 4.59 (0.17) 4.95 (0.19)
Feltwell 12.02 (0.38) 11.86 (0.06) 11.65 (0.33) 11.50 (0.17)
NIST-digits Test 1 2.82 (0.06) 2.84 (0.06) 2.77 (0.03) 2.77 (0.03)
NIST-digits Test 2 6.59 (0.09) 6.53 (0.09) 6.45 (0.05) 6.45 (0.05)
NIST-letters 5.89 (0.07) 6.02 (0.09) 5.84 (0.06) 5.96 (0.06)
Satimage 8.76 (0.13) 8.82 (0.12) 8.64 (0.10) 8.78 (0.12)
Ship 7.35 (0.17) 7.14 (0.23) 7.17 (0.15) 6.98 (0.14)
Texture 2.41 (0.09) 2.51 (0.09) 2.35 (0.06) 2.44 (0.05)

Values in bold indicate the lowest error rate and underlined when a method is significantly better than the others.

shown in bold. These results indicate that ADS and MDS were
the best strategies for performing the dynamic selection level of
our approach, considering all three ensemble creation methods
investigated, i.e. (1) ensembles of RSS; (2) kNN generated through
RSS (Tables A1 and A2); and (3) ensembles of DT generated by
BAG (Table A3). These two dynamic strategies presented equiva-
lent performances, which confirms the preliminary results in our
case-study problem (see Table 4). CSDS was the worst dynamic
selection strategy for 1 and 3, while DCS-LA was most likely to be
the worst dynamic selection strategy for ensembles of DT gener-
ated by RSS. In terms of the optimization level, single-objective
GA and NSGA-II presented equivalent performances for ensem-
bles of kNN generated by RSS and ensembles of DT generated

by BAG, while NSGA-II found the best results for populations of
ensembles of DT generated by RSS. � was clearly the best di-
versity measure for composing, with �, a pair of objective func-
tions to guide NSGA-II, while � and � were the worst diversity
measures.

It is important to note that DCS-LA was better than the other
dynamic selection strategies in three of the eight data sets in prob-
lems involving DT generated by BAG. The reason for this behavior
is that BAG provides the complete representation of the problem to
each classifier member, whereas RSS provides only a partial repre-
sentation. Thus, DCS-LA calculates the local accuracy of each clas-
sifier more accurately when BAG is used as the ensemble creation
method. Also important is the fact that CSDS was less effective in



E.M. Dos Santos et al. / Pattern Recognition 41 (2008) 2993 -- 3009 3005

0% 5 % 10% 15% 20% 25% 30% 35% 40% 45% 50%
0

1

2

3

4

5

6

Reject

E
rr

or

SOCS
DOCS

0% 5% 10% 15% 20% 25% 30% 35% 40% 45% 50%
0

1

2

3

4

5

6

Reject

E
rr

or

SOCS
DOCS

Fig. 6. Case study: error-reject curves for GA in (a) and NSGA-II in (b).

problems involving a large number of classes, such as NIST-letters,
because it takes into account the performance of the candidate en-
sembles for each class involved in the classification problem, in ad-
dition to the extent of consensus of the ensembles. Moreover, for the
same reason, CSDS is much more critically affected by the quality
of the population of candidate ensembles found at the optimization
level. For instance, since � and � were the worst objective functions
when guiding the optimization level, CSDS was much worse than the
other three strategies when used to perform the dynamic selection
on populations of candidate ensembles found by these two diversity
measures.

6.2. Comparison between DOCS and several methods

In this section, we summarize the best results obtained by our
DOCS for each data set, in order to show that the proposed approach
outperforms other related methods. Table 8 reports the results at-
tained by the following methods:

• Fusion of the initial pool of classifiers C by majority voting.
• Selection of the best individual classifier from the initial pool C.
• Individual kNNs and DTs trained using all available features.
• DOCS using the best dynamic selection strategy.
• Oracle for each initial pool of candidate classifiers.

Oracle is an upper bound of selection strategies [37], because it
correctly classifies the test sample if any of the classifier members
predicts the correct label for the sample. Values are shown in bold for
the best result obtained for each data set considering each ensemble
generation method, and are shown underlined for the best overall
result obtained for each data set, whatever the ensemble creation
method used. From this table, we observe the following:

• Analyzing the results obtained for ensembles of DT generated us-
ing BAG, our DOCS outperformed the other methods, except for
feltwell. The same scenario was observed for ensembles of DT gen-
erated using RSS, but the exception was the ship data set. For
ensembles of kNN generated using RSS, however, the proposed
method outperformed the other methods in only four of the eight

Table 11
Case study: comparing oracle results

Fusion of initial
pool C

Oracle of initial
pool C

SOCS DOCS Oracle of population
of ensembles C∗′

6.06 0.04 5.86 5.71 4.81

cases. For the remaining four data sets, our DOCS was the second
best method. The combination of the initial pool C was the best
method for dna and satimage while the individual best classifier
from C was the best method for feltwell and texture.

• Confidence-based dynamic strategies were better than DCS-LA for
performing the dynamic selection of the selection phase. Even
though ADS and MDS presented similar behavior, we show in
Table 8 values obtained using ADS to perform the comparison in
next section.

• The search algorithms presented equivalent performances. The
best results found using DOCSwere obtained in populations of can-
didate ensembles optimized by NSGA-II in 13 cases and by single-
objective GA in 11 cases out of a total of 24 cases investigated.

• � was the best diversity measure for combining with � to guide
NSGA-II.

• RSS was better than BAG to for use during the overproduction
phase. Results obtained using ensembles generated by RSS were
both better than those obtained using ensembles generated by
BAG.

• DT was the best classifier model to be used as a base classifier
during the overproduction phase. Five of the best overall results
were obtained with ensembles of DT, whereas in the remaining
three data sets they were obtained with ensembles of kNN. Both
ensembles were generated by RSS.

Table 9 presents some of the results reported in the literature
dealing with the selection of classifiers, except for Refs. [6,39], on
the databases used in this paper. In this way, it is possible to gain an
overview of the results obtained in the literature, even though the
method of partition of the data used in some of these works was not
the same as that used in this paper.

To verifywhether or not our DOCS is better that the classical SOCS,
in the next section we concentrate our analysis on the methods that
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Table A1
Mean and standard deviation values obtained on 30 replications of the selection phase of our method

Data set Method NSGA-II GA

Ambiguity (�) Coincident (�) Difficulty (�) Double-fault (�) Error (�)

DNA DCS-LA 9.33 (0.27) 9.84 (0.28) 7.48 (0.24) 9.36 (0.30) 7.47 (0.15)
ADS 10.31 (0.28) 9.72 (0.47) 7.51 (0.22) 9.30 (0.23) 7.24 (0.21)
MDS 10.34 (0.30) 9.57 (0.41) 7.47 (0.21) 9.16 (0.28) 7.24 (0.15)
CSDS 10.56 (0.30) 9.89 (0.19) 7.48 (0.19) 8.36 (0.30) 7.25 (0.17)

Feltwell DCS-LA 11.17 (0.21) 10.46 (0.25) 9.70 (0.14) 10.59 (0.31) 9.87 (0.13)
ADS 10.51 (0.11) 10.34 (0.25) 9.82 (0.16) 10.62 (0.28) 9.95 (0.17)
MDS 10.51 (0.11) 10.34 (0.26) 9.82 (0.14) 10.59 (0.29) 9.95 (0.16)
CSDS 10.57 (0.10) 10.40 (0.25) 9.84 (0.14) 10.66 (0.32) 9.97 (0.17)

Nist-digits Test 1 DCS-LA 4.12 (0.07) 4.59 (0.17) 3.72 (0.05) 4.43 (0.26) 3.60 (0.06)
ADS 3.80 (0.04) 3.95 (0.05) 3.58 (0.03) 7.49 (2.29) 3.53 (0.05)
MDS 3.80 (0.04) 3.94 (0.05) 3.58 (0.02) 7.46 (2.32) 3.53 (0.05)
CSDS 5.21 (0.09) 7.25 (0.26) 3.80 (0.04) 6.67 (0.22) 3.80 (0.06)

Nist-digits Test 2 DCS-LA 8.57 (0.14) 9.34 (0.28) 8.18 (0.11) 9.48 (0.43) 7.91 (0.10)
ADS 8.11 (0.06) 8.55 (0.08) 7.97 (0.05) 8.40 (0.48) 7.78 (0.10)
MDS 8.12 (0.07) 8.53 (0.09) 7.97 (0.05) 8.36 (0.55) 7.78 (0.10)
CSDS 9.95 (0.11) 9.89 (0.33) 8.21 (0.08) 9.42 (0.45) 8.09 (0.10)

Nist-letters DCS-LA 7.63 (0.43) 8.22 (0.69) 6.48 (0.15) 7.20 (0.33) 6.55 (0.16)
ADS 7.23 (0.17) 8.22 (0.12) 6.48 (0.07) 6.95 (0.12) 6.43 (0.06)
MDS 7.16 (0.16) 7.07 (0.11) 6.27 (0.07) 6.88 (0.12) 6.41 (0.08)
CSDS 10.15 (0.45) 14.53 (0.63) 6.47 (0.14) 9.35 (0.41) 6.70 (0.09)

Satimage DCS-LA 8.75 (0.08) 9.60 (0.15) 8.73 (0.13) 9.40 (0.13) 8.63 (0.07)
ADS 8.67 (0.08) 9.05 (0.17) 8.64 (0.13) 9.16 (0.16) 8.61 (0.09)
MDS 8.68 (0.09) 9.04 (0.18) 8.65 (0.14) 9.16 (0.18) 8.61 (0.09)
CSDS 8.96 (0.13) 10.13 (0.24) 8.80 (0.16) 9.78 (0.19) 8.67 (0.11)

Ship DCS-LA 14.24 (0.32) 10.31 (0.29) 9.34 (0.24) 9.24 (0.23) 10.40 (0.20)
ADS 13.25 (0.24) 9.60 (0.33) 9.25 (0.20) 9.13 (0.21) 9.81 (0.16)
MDS 13.37 (0.26) 9.66 (0.31) 9.24 (0.20) 9.15 (0.22) 9.83 (0.13)
CSDS 14.06 (0.25) 10.17 (0.34) 9.39 (0.21) 9.31 (0.29) 10.23 (0.18)

Texture DCS-LA 1.51 (0.06) 1.64 (0.08) 0.97 (0.05) 1.02 (0.07) 1.18 (0.03)
ADS 1.37 (0.05) 1.23 (0.09) 0.94 (0.05) 0.98 (0.07) 1.11 (0.01)
MDS 1.37 (0.05) 1.22 (0.09) 0.94 (0.05) 0.98 (0.07) 1.11 (0.02)
CSDS 1.37 (0.07) 1.28 (0.10) 0.94 (0.06) 0.98 (0.09) 1.11 (0.03)

The overproduction phase was performed using an initial pool of kNN classifiers generated by RSS. The best result for each data set is shown in bold.

attained the best results in this section, i.e. DT ensembles generated
by RSS, ADS as dynamic strategy; MOGA guided by � and �; and GA
guided by �.

6.3. Comparison of DOCS and SOCS results

The static selection results were obtained by picking up the
candidate ensemble presenting the lowest � value of all the so-
lutions composing the n best solution (for single-objective GA)
or the Pareto front (for NSGA-II). These ensembles are repre-
sented in Figs. 3(c) and (d) by black circles. It is important to
mention that the results were tested on multiple comparisons us-
ing the Kruskal--Wallis non-parametric statistical test by testing
the equality between mean values. The confidence level was 95%
(�=0.05), and the Dunn--Sidak correction was applied to the critical
values.

Table 10 summarizes the mean and the standard deviation of
the error rates obtained on all eight databases comparing the static
and dynamic OCS. These results indicate, without exception, that
our DOCS was better than the traditional SOCS. In two specific sit-
uations (feltwell and NIST-letters), the differences between the two
methods were not significant. It is important to note that the results
achieved using NSGA-II guided by both � and � outperformed the re-
sults found using GA guided by � the single-objective function. This
is a different result from those presented in Refs. [11,30]. It appears
that performing dynamic selection in the selection phase resulted
in exploiting all possible potentials of the population of candidate
ensembles over the Pareto front, leading to more benefits for NSGA-

II with the new level. However, only with the texture database was
GA better than NSGA-II in SOCS, whereas in DOCS the opposite is
true.

All these results were obtained with a zero reject
rate. However, as advocated by Hansen et al. [17], the reject mech-
anism for an ensemble of classifiers is based on the extent of con-
sensus among its members. This means that the decision to reject a
pattern is related to the confidence level of the ensemble. They as-
sume that it is better to reject the pattern if the ensemble presents
a low confidence level to take a decision. Such a confidence level is
clearly related to �̄ (Eq. (9)), which is used to guide ADS. Thus, since
�̄ is the criterion used to perform the reject mechanism, we might
assume that the difference between SOCS and DOCS will increase
as the rejection rate increases. We analyze such an assumption in
Fig. 6 taking into account the case study investigated throughout
this paper. This preliminary result does not confirm this assumption.
Both the static and the dynamic OCS presented similar error-reject
curves for ensembles generated by GA 6(a) and NSGA-II 6(b). The
results obtained by analyzing the error-reject curves calculated for
all data sets investigated in this paper confirm that we should not
assume that DOCS is more effective than SOCS when increasing the
rejection rate.

7. Conclusion and discussion

We propose a dynamic overproduce-and-choose strategy which
is composed of the traditional overproduction and selection phases.
The novelty is to divide the selection phase into two levels: opti-
mization and dynamic selection, conducting the second level using
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Table A2
Mean and standard deviation values obtained on 30 replications of the selection phase of our method

Data set Method NSGA-II GA

Ambiguity (�) Coincident (�) Difficulty (�) Double-fault (�) Error (�)

DNA DCS-LA 7.05 (0.21) 7.54 (0.28) 4.63 (0.15) 7.23 (0.23) 5.14 (0.14)
ADS 7.94 (0.23) 6.50 (0.29) 4.59 (0.17) 6.27 (0.23) 4.95 (0.18)
MDS 7.92 (0.23) 6.54 (0.30) 4.63 (0.17) 6.27 (0.19) 4.92 (0.19)
CSDS 8.01 (0.24) 6.59 (0.28) 4.62 (0.17) 6.34 (0.22) 4.93 (0.19)

Feltwell DCS-LA 12.68 (0.19) 13.27 (0.47) 11.65 (0.32) 12.79 (0.51) 11.59 (0.14)
ADS 11.60 (0.15) 12.71 (0.40) 11.65 (0.33) 12.51 (0.51) 11.50 (0.17)
MDS 11.59 (0.14) 12.74 (0.42) 11.65 (0.32) 12.49 (0.48) 11.53 (0.16)
CSDS 11.66 (0.15) 12.80 (0.43) 11.65 (0.32) 12.51 (0.50) 11.51 (0.16)

Nist-digits Test 1 DCS-LA 3.82 (0.12) 5.37 (0.29) 2.91 (0.04) 3.68 (0.20) 2.89 (0.04)
ADS 3.35 (0.04) 4.11 (0.20) 2.77 (0.03) 3.59 (0.23) 2.77 (0.09)
MDS 3.35 (0.04) 3.83 (0.13) 2.77 (0.02) 3.40 (0.12) 2.77 (0.04)
CSDS 5.63 (0.09) 5.53 (0.12) 2.98 (0.06) 4.47 (0.78) 3.12 (0.06)

Nist-digits Test 2 DCS-LA 8.18 (0.18) 10.06 (0.50) 6.79 (0.09) 8.07 (0.37) 6.66 (0.08)
ADS 7.38 (0.07) 9.16 (0.32) 6.45 (0.05) 8.11 (0.40) 6.45 (0.05)
MDS 7.34 (0.06) 8.61 (0.20) 6.50 (0.05) 7.80 (0.20) 6.45 (0.05)
CSDS 9.05 (0.14) 8.77 (0.54) 6.50 (0.09) 8.69 (0.50) 6.98 (0.10)

Nist-letters DCS-LA 7.57 (0.30) 6.12 (0.50) 6.03 (0.14) 7.20 (0.39) 6.17 (0.14)
ADS 7.13 (0.09) 9.31 (0.29) 5.84 (0.06) 7.12 (0.14) 5.96 (0.06)
MDS 7.12 (0.09) 7.69 (0.19) 5.84 (0.06) 6.93 (0.10) 5.95 (0.06)
CSDS 10.65 (0.11) 15.92 (0.14) 5.98 (0.08) 10.95 (0.46) 6.29 (0.09)

Satimage DCS-LA 9.30 (0.09) 10.66 (0.19) 8.97 (0.09) 10.12 (0.15) 8.96 (0.09)
ADS 8.73 (0.10) 9.22 (0.19) 8.64 (0.10) 9.17 (0.15) 8.78 (0.12)
MDS 8.73 (0.10) 9.22 (0.19) 8.63 (0.09) 9.16 (0.15) 8.77 (0.13)
CSDS 9.13 (0.13) 11.23 (0.24) 8.94 (0.12) 10.64 (0.26) 8.86 (0.12)

Ship DCS-LA 10.65 (0.30) 9.16 (0.30) 7.53 (0.18) 7.93 (0.29) 7.24 (0.14)
ADS 8.86 (0.25) 8.26 (0.34) 7.17 (0.15) 7.72 (0.28) 6.98 (0.14)
MDS 8.94 (0.26) 8.26 (0.32) 7.18 (0.15) 7.75 (0.29) 6.95 (0.13)
CSDS 9.97 (0.24) 9.15 (0.41) 7.18 (0.17) 8.03 (0.27) 7.35 (0.12)

Texture DCS-LA 3.42 (0.17) 3.85 (0.14) 2.47 (0.07) 3.51 (0.16) 2.84 (0.09)
ADS 2.98 (0.08) 3.02 (0.14) 2.35 (0.06) 2.97 (0.14) 2.44 (0.05)
MDS 3.00 (0.08) 3.04 (0.14) 2.35 (0.05) 2.65 (0.16) 2.44 (0.05)
CSDS 3.01 (0.08) 3.06 (0.15) 2.35 (0.05) 2.96 (0.16) 2.44 (0.06)

The overproduction phase was performed using an initial pool of DT classifiers generated by RSS. The best result for each data set is shown in bold.

confidence measures based on the extent of consensus of ensem-
bles. Two classical ensemble creation methods, the random subspace
method and bagging, were employed at the overproduction phase,
while single- and multi-objective GAs were used at the optimization
level. The ensemble's error rates and diversity measures guided the
optimization. Finally, three confidence measures were applied at the
dynamic selection level: (1) ambiguity; (2) margin; and (3) strength
relative to the closest class. In addition, DCS-LA was compared to
the confidence-based strategies.

Experiments conducted using eight data sets demonstrated that
the proposed approach outperforms both static selection and the
fusion of the initial pool of classifiers. Ambiguity and margin were
the best measures to use at the dynamic selection level, presenting
equivalent performances. It was shown that NSGA-II guided by the
difficulty measure combined with the error rate found better en-
sembles than single-objective GA guided only by the error rate. In
addition, although not as clearly as one might have hoped, our re-
sults indicate that our method is especially valuable for tasks using
NSGA-II, since differences between the results found using NSGA-II
and GA are greater in the dynamic than in the static overproduce-
and-choose strategy. Ideally, we should exploit all the potential of
the population of candidate ensembles over a Pareto front using the
proposed dynamic selection level.

However, the quality of the population of candidate ensembles
found at the optimization level critically affects the performance
of our approach. We can confirm this observation taking into ac-
count the concept of oracle. As mentioned before, the so-called
oracle is an upper bound of selection strategies. Table 11 shows
results attained by the fusion of the initial pool of classifiers C

and its oracle for the same case study investigated throughout this

paper. Only NSGA-II guided by � combinedwith � is considered in this
example.

It is important to mention that, instead of C, the Pareto front
(population of ensembles C∗′

) is the input to our dynamic selection
level. Hence, we should consider the oracle of the population C∗′

as the upper bound for our DOCS. Thus, it is assumed that oracle
correctly classifies the test sample if any of candidate ensembles in
C∗′

predicts the correct label for the sample. In Table 11, it is shown
that our DOCS may not achieve an error rate lower than 4.81. The
large difference between the results of the C and C∗′

oracles leads
us to conclude that there is a major loss of oracle power at the
optimization level. Populations of candidate ensembles with oracle
error rates closer to those obtained using C will bring about an
effective improvement in the performances attained by our method.
The next stage of this research will involve determining strategies
to improve the quality of the population of ensembles.
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Appendix A. Tables of results on comparing dynamic selection
strategies

Tables A1--A3 show the summary of the experimental re-
sults comparing the four dynamic selection strategies defined in
Section 5.
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Table A3
Mean and standard deviation values obtained on 30 replications of the selection phase of our method

Data set Method NSGA-II GA

Ambiguity (�) Coincident (�) Difficulty (�) Double-fault (�) Error (�)

DNA DCS-LA 5.15 (0.15) 5.20 (0.18) 4.75 (0.15) 5.30 (0.15) 4.88 (0.09)
ADS 5.20 (0.16) 5.20 (0.16) 4.86 (0.11) 5.32 (0.21) 4.95 (0.06)
MDS 5.17 (0.17) 5.20 (0.18) 4.86 (0.10) 5.31 (0.23) 4.95 (0.06)
CSDS 5.19 (0.15) 5.22 (0.17) 4.86 (0.11) 5.36 (0.25) 4.97 (0.07)

Feltwell DCS-LA 12.50 (0.36) 12.47 (0.28) 12.00 (0.22) 12.40 (0.32) 11.69 (0.20)
ADS 12.70 (0.21) 12.28 (0.34) 12.04 (0.18) 12.24 (0.31) 11.95 (0.14)
MDS 12.70 (0.17) 12.28 (0.35) 12.03 (0.18) 12.24 (0.29) 11.94 (0.14)
CSDS 12.75 (0.19) 12.38 (0.33) 12.04 (0.19) 12.34 (0.32) 11.98 (0.15)

Nist-digits Test 1 DCS-LA 5.74 (0.09) 6.72 (0.36) 5.67 (0.09) 6.04 (0.21) 5.23 (0.06)
ADS 5.53 (0.05) 5.79 (0.11) 5.51 (0.05) 5.47 (0.10) 5.14 (0.06)
MDS 5.52 (0.05) 5.69 (0.10) 5.51 (0.05) 5.44 (0.09) 5.14 (0.05)
CSDS 5.87 (0.12) 6.86 (0.56) 5.64 (0.09) 6.72 (0.41) 5.44 (0.06)

Nist-digits Test 2 DCS-LA 11.00 (0.16) 11.60 (0.55) 10.98 (0.15) 10.64 (0.37) 10.21 (0.12)
ADS 10.71 (0.09) 10.81 (0.25) 10.71 (0.09) 10.59 (0.18) 10.06 (0.11)
MDS 10.70 (0.09) 11.02 (0.24) 10.70 (0.10) 10.54 (0.12) 10.06 (0.10)
CSDS 11.18 (0.20) 12.76 (0.91) 10.88 (0.12) 11.68 (0.61) 10.41 (0.11)

Nist-letters DCS-LA 7.81 (0.17) 9.13 (0.62) 7.64 (0.12) 8.45 (0.44) 7.79 (0.12)
ADS 7.61 (0.06) 8.36 (0.15) 7.50 (0.06) 8.06 (0.17) 7.64 (0.07)
MDS 7.63 (0.06) 8.30 (0.10) 7.50 (0.05) 8.02 (0.14) 7.64 (0.07)
CSDS 7.85 (0.07) 10.16 (0.94) 7.60 (0.08) 9.84 (0.54) 7.78 (0.01)

Satimage DCS-LA 9.70 (0.38) 11.35 (0.57) 9.81 (0.11) 10.99 (0.22) 9.74 (0.09)
ADS 9.34 (0.43) 10.36 (0.60) 9.62 (0.09) 10.25 (0.13) 9.61 (0.11)
MDS 9.21 (0.37) 10.44 (0.58) 9.63 (0.07) 10.22 (0.11) 9.61 (0.12)
CSDS 9.78 (0.17) 12.08 (0.22) 9.78 (0.11) 11.82 (0.28) 9.68 (0.12)

Ship DCS-LA 7.79 (0.19) 8.32 (0.29) 7.81 (0.29) 8.58 (0.29) 7.72 (0.13)
ADS 8.14 (0.20) 8.70 (0.29) 8.36 (0.19) 8.83 (0.27) 8.07 (0.09)
MDS 8.16 (0.20) 8.71 (0.29) 8.38 (0.17) 8.84 (0.28) 8.05 (0.09)
CSDS 8.46 (0.23) 9.04 (0.32) 8.53 (0.21) 9.12 (0.27) 8.15 (0.16)

Texture DCS-LA 3.69 (0.09) 4.40 (0.43) 3.44 (0.09) 4.17 (0.13) 3.66 (0.07)
ADS 3.57 (0.09) 4.02 (0.56) 3.41 (0.008) 4.03 (0.15) 3.60 (0.06)
MDS 3.56 (0.09) 3.93 (0.63) 3.42 (0.08) 4.04 (0.15) 3.60 (0.06)
CSDS 3.63 (0.10) 4.01 (0.18) 3.43 (0.11) 3.43 (0.11) 3.58 (0.08)

The overproduction phase was performed using an initial pool of DT classifiers generated by Bagging. The best result for each data set is shown in bold.
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