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A B S T R A C T

This paper is concerned with a two phase procedure to select salient features (variables) for classification
committees. Both filter and wrapper approaches to feature selection are combined in this work. In the
first phase, definitely redundant features are eliminated based on the paired t-test. The test compares the
saliency of the candidate and the noise features. In the second phase, the genetic search is employed.
The search integrates the steps of training, aggregation of committee members, selection of hyperparameters, and selection of salient features into the same learning process. A small number of genetic
iterations needed to find a solution is the characteristic feature of the genetic search procedure developed.
The experimental tests performed on five real-world problems have shown that significant improvements
in classification accuracy can be obtained in a small number of iterations if compared to the case of using
all the features available.
© 2008 Elsevier Ltd. All rights reserved.

1. Introduction
Combining outputs of multiple predictors into a committee
(ensemble) output is one of the most important techniques for improving prediction accuracy [1–5]. An efficient committee should
consist of predictors that are not only very accurate, but also diverse
in the sense that the predictor errors occur in different regions of
the input space [6–8]. Manipulating training data set, using different
architectures, and employing different subsets of variables are the
most popular approaches used to achieve the diversity. To promote
diversity of neural networks aggregated into a committee, Liu and
Yao [9,10] proposed the so-called negative correlation learning approach, according to which, all individual networks in the committee are trained simultaneously, using an error function augmented
with a correlation penalty term. In Ref. [11], aiming to find a tradeoff between the accuracy and diversity of committee networks, the
approach was extended by integrating into the same learning process also the feature selection step. However, to assess and control
diversity of predictors and to find the trade-off between the accuracy and diversity is not a trivial task [8,12,13]. For instance, feature
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selection may influence the quality of a committee in several ways,
namely by reducing model complexity, promoting diversity of committee members, and affecting the trade-off between the accuracy
and diversity of committee members. Moreover, growing size of data
sets, in terms of data points and features, increases the demand for
feature selection [14]. Therefore, it seems promising to integrate the
steps of training, hyper-parameter and feature selection, and aggregation of members into a committee into the same learning process
and to use the prediction accuracy for assessing the quality of the
committee.
This paper is concerned with such an approach. The main emphasis of the paper is on feature selection for classification committees.
A large variety of feature selection techniques have been proposed
for a single predictor [15,16], ranging from the sequential forward
selection or backward elimination [17,18], sequential forward floating selection [19] to the genetic [20] or tabu search [21].
Usually feature selection methods are categorized as being based
on filter or wrapper approaches [22]. Sometimes three groups of feature selection methods, namely filter, wrapper, and embedded are
distinguished [23,24]. However, wrapper and embedded approaches
are closely related [24]. Filter methods assess the saliency of feature
subsets from the data properties without involving the induction
algorithm (a classifier in our case). Filter approaches assessing and
ranking features individually, on the basis of some feature saliency
measure, are sometimes called marginal filters [24]. Marginal filters
ignore interaction between features. Such a marginal filter approach
is adopted in this work.
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The predictor output sensitivity [25–28] is the most popular measure used to assess the saliency of individual features. Eq. (1) exemplifies such a measure [25,26]

!i =

"
"
Q
P
1 ! ! "" !yjp ""
"
"
" !xip "
QP

(1)

j=1 p=1

where y is the predictor output, Q is the number of outputs, P is the
number of training samples, and xip is the i th component of the p
th input vector xp .
However, a saliency measure alone does not indicate how many
of the candidate features should be used. The problem is how to find
a cut-off point of the ranked list. Torkkola and Tuv suggest using
artificial-contrast variables created by randomly permuting values
of original N variables across the data points [29]. Some of feature
selection procedures are based on making comparisons between the
saliency of the candidate and the noise feature [25,26]. One of the
main drawbacks of the feature saliency measures is that the measures do not have direct relation to the prediction error. By contrast,
in wrapper methods, usually a learner (a classifier in our case) is
build and used to evaluate a feature subset. Therefore, the approach
is computationally prohibitive for large sets of features.
There are a large variety of techniques to select variables for a
single predictor. However, works on feature selection for classification or regression committees are not so numerous [7,30–43]. In
the next section, we briefly review the existing techniques. Studying
the results obtained by the different authors it seems that the genetic search and wrapper approach based techniques are the most
promising techniques for ensemble variable selection. However, genetic search based pure wrapper approaches are computationally
prohibitive for large sets of variables.
To mitigate the computational burden problem, we combine both
the marginal filter and wrapper approaches in this work. The procedure developed to select salient variables for classification committees consists of two phases. In the first, marginal filter, phase clearly
redundant features are eliminated based on the paired t-test comparing the saliency of the candidate feature and the noise feature
in a single classifier. The noise feature is assumed to be a Gaussian
random variable with zero mean and a given variance. The classifier
output sensitivity with respect to the feature is the feature saliency
measure utilized. However, any other saliency measure can be applied. Then, in the second phase, the genetic search integrating the
steps of training, aggregation of committee members into a committee, search for the optimal hyper-parameter values, and selection
amongst the features remaining from the first phase into the same
learning process is employed. The committee prediction accuracy
is the measure used to assess the committee quality in the genetic
search. A small number of genetic iterations needed to find a solution is the characteristic feature of the genetic search procedure
developed. The rationale of using the first phase of the procedure is
to reduce the computation time needed for the genetic search, since
the marginal filter based feature ranking is very fast. We expect that
features eliminated in the first phase will not deteriorate the classification accuracy significantly, since eliminated are only those features the statistical saliency of which do not exceed the saliency of
the noise feature. If the computation time is not a problem, the first
phase of the procedure can be skipped. We use an SVM as a committee member in our tests. However, other types of classifiers can
also be utilized.
2. Related work
It has been demonstrated that even simple random sampling in
the feature space may be an effective technique for increasing the
accuracy of classification committees [30,31]. In Ref. [32], random

sampling in the feature space is also used for creating classification
committees. First, a relevant variable set size M is found by assessing the classification accuracy of variously sized random subsets of
variables. In the next stage, randomly selected M-variable subsets
are evaluated. In Ref. [33], random sampling in the feature space is
used to create the linear discriminant analysis-based ensemble. In
Ref. [44], a slightly modified version of the random sampling technique is utilized. The total number of features used N is equal to
N = N0 + N1 , where the first N0 dimensions are given by the first
eigenvectors of the data covariance matrix. The remaining N1 dimensions are selected randomly. Guo et al. [34] use the random forest algorithm [45] to select the most useful variables. The random
forest algorithm ranks the variables in terms of their contribution to
the predictive accuracy. To further refine the selected variable subsets, the correlation-based [46] and gain ratio [47] feature selection
algorithms were applied.
An early work on genetic algorithms (GA)-based feature selection
is by Siedlecki and Sklansky [48]. Vafaie and De Jong applied GAs
to select features for rule based classifiers [49]. In Refs. [35,36], GAs
have been used for ensemble feature selection by exploring all possible feature subsets. However, only one ensemble was considered in
these works. Kim et al. proposed meta-evolutionary ensembles considering multiple ensembles simultaneously [37]. Genetic operators
change the size of ensembles and the membership of individual classifiers over time. Each classifier is initialized with randomly selected
features and a random ensemble assignment. The representation of
a classifier consists of N + log2 (G) bits, where N is the number of features and G is the maximum number of ensembles. It is believed that
feature selection results into diverse ensemble members. Altmcay
has also used GAs to explore all possible feature subsets when creating ensembles of evidential k-NN classifiers [38]. As in Ref. [50], each
chromosome is designed to represent a different ensemble. In Ref.
[51], a GA based technique to create the weighted majority votingbased classification committee is used. The resampled training sets
and classifier prototypes included into the committee evolve during
training. However, all committee members use the same features.
Several other techniques to select features for committees have
been developed. Reduction of the computation burden in one way
or another is the common feature of the techniques. Grimaldi et al.
apply feature selection to each member of the committee independently [52]. In Ref. [53], a binary decision tree is grown by using a feature with minimal impurity at each node of the tree. Different feature
subsets are selected for different resampled learning data sets. Having the ensemble of feature subsets, the features are ranked according to some relevance measure and the most relevant features are
used. Cho and Ryu evaluate information content of variables using
several measures [54]. Separate committee members are trained independently using the most mutually exclusive variables, as deemed
by pairs of the measures. If there are N variables, the most mutually exclusive variables are chosen through the correlation analysis
of all possible variable pairs. In a two class classification problem
considered in Ref. [55], patterns of the classes are independently
partitioned into clusters. Features are then selected independently
for each cluster by using those maximizing the distance between
the cluster and all patterns of the other class. In Ref. [56], forward
sequential selection and backward sequential selection approaches
are utilized to select variables for a classification committee. In input decimated ensembles [39], L classifiers are trained, where L is
the number of classes. For each classifier (a multi-layer perceptron),
a pre-determined number of features having the highest absolute
correlation to the targets (presence or absence of the corresponding
class) are selected. Each classifier is trained to discriminate amongst
all L classes. The technique leads to different variable subsets for
different classifiers. It is demonstrated that the technique outperforms ensembles exploiting all the input features, randomly selected
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features, and features created using PCA. In Ref. [40], a number of
training sets are created using a bootstrapping protocol. For each
training set a subset of variables is selected based on variable weights
in a linear SVM. All the selected variables are used to create a bagged
ensemble of nonlinear SVM. In Ref. [41], to create one of L base classifiers in rotation forest, the variable set is randomly split into K
(parameter of the technique) subsets and PCA is applied to each subset. All PCs are retained and used as features to train the classifier.
It was found that classifiers in the rotation forest are more accurate
than those in random forest and AdaBoost. In the technique proposed in Ref. [42], a variable may only be used by one classifier and
a selected variable cannot be abandoned. The technique proposed
in Ref. [43] may in principle exploit any feature selection algorithm.
Feature subsets for committee members are built sequentially trying
to prevent the selection algorithm from returning the same featuresubset multiple times. In Ref. [7], a half-&-half bagging and feature
selection-based technique for incremental building of classification
committees has been proposed.
3. Procedure
By combining the marginal filter and the genetic search based
wrapper approaches to feature selection, this work aims at developing a computationally feasible procedure to select features for
classification committees as well as to determine suitable hyperparameter values of the committee members. To assess the feature
saliency in the first, marginal filter-based, selection phase, the
statistical paired t-test is exploited. K different random splits of
the data set into learning, validation, and test subsets are used
to estimate the t-statistic. Thus, the t-test allows mitigating the
problem of the dependency of the feature saliency assessment
results on the way how the data set is split into learning, validation, and test subsets. The genetic search performed in parallel
for all committee members aiming to determine the feature sets
and the hyper-parameters, provides the flexibility needed to find
the trade-off between the accuracy and diversity of the committee
members.
The procedure for committee variable selection is summarized in
the following steps.
(1) Augment the input vectors with one additional Gaussian noise
feature with mean m = 0 and a given standard deviation s. The
value of s depends on the number of initial features. The larger
the number, the smaller is the s value. The standard deviation
s=1 worked well in all our test with the relatively small number
of features (up to " 50). For the feature sets containing 150–200
features, s = 0.3 was a good choice.
(2) Randomly assign the available data points into learning Sl , validation Sv , and test St data sets, for example 50% for learning,
and 25% each for validation and testing.
(3) Train the model. The learning set is used to train the model, the
validation set is used to select hyper-parameters of the model.
Since we use an SVM with the Gaussian kernel as the model in
our tests, the hyper-parameters considered are the kernel width
and the regularization constant. We used the GA described in
Section 3.3, to find the appropriate hyper-parameter values. The
search range for the width parameter ! was limited to the interval given by 0.1 and 0.9 quintile of the #xi − xj #2 statistic, where
xi denotes the i th data point. The search interval for the regularization constant was limited by the maximum value found
from several preliminary experiments. Observe that values for
only these two hyper-parameters of a single SVM are determined
during the search. To find the appropriate hyper-parameter values, one can also use the Nelder–Mead simplex method [57], for
example.

(4) Calculate the saliency score "i ,

"i =

!i

maxl=1, ...,N !l

,

i = 1, . . . , N

(2)

where !i is given by Eq. (1) and N is the number of features.
(5) Repeat Steps (2)–(4) K times, where the user defined parameter
K refers to the number of different random partitions of the data
set into learning, validation, and test subsets.
(6) Eliminate the features whose saliency does not exceed the
saliency of the noise feature, according to the paired t-test.
(7) Choose the number of committee members L. Construct a
chromosome characterizing feature inclusion/noninclusion,
regularization, and kernel (in the case of SVM based committee
members) parameters of all the committee members. More
details on the chromosome definition are given in Section 3.3.
(8) Perform the genetic search.
(9) The committee is given by the parameters encoded in the “best”
chromosome found during the genetic search.
3.1. The paired t-test
To assess the equality of the mean saliency of i th feature #"
i
and the noise #"n the paired t-test is defined as suggested in Ref.
[26]: Null Hypothesis #D = 0, Alternative Hypothesis #D > 0,
i
i
where #D = #" − #"n . To test the null hypothesis, a t∗ statistic
i

t∗ =

i

Di
sD

(3)

i

#
is evaluated, where Di = K −1 K
j=1 Dij , Dij = "ij − "nj , "ij and "nj are
the saliency scores computed using Eq. (2) for the i th and the noise
feature, respectively, in the j th loop, and
$
% #K
2
%
& j=1 (Dij − Di )
sD =
K(K − 1)
i

(4)

Under the null hypothesis, the t∗ statistic is t-distributed. If t∗ > tcrit ,
the hypothesis that the difference in the means is zero is rejected,
where tcrit is the critical value of the t distribution with $ = K − 1
degrees of freedom for a significance level of %: tcrit = t1−%,$ .
3.2. The SVM output sensitivity, an example
The output of a support vector machine y(x) is given by
y(x) =

Ns
!
j=1

%∗j dj &(xj , x) + b

(5)

where Ns is the number of support vectors, &(xj , x) is a kernel, dj is
a target value (dj = ±1), and the threshold b and the parameter %∗j

values are found as a solution to the optimization problem defined
by the type of SVM used. In this work, we used the 1-norm soft
margin SVM [58]. The parameters %j satisfy the following constrains:
Ns
!
j=1

%j yj = 0,

Ns
!
j=1

%j = 1,

0 ! %j ! C, j = 1, . . . , Ns

(6)

with C being the regularization constant.
For the Gaussian kernel used in this work &(xj , xk ) = exp{−#xj −
xk #2 / !}, where ! is the standard deviation of the Gaussian, having
the j th input vector xj presented to the input, the derivative of the
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Section L

Section 1
C1 ··· CNC !1 ··· !N!

f1 ··· fN ··· C1 ··· CNC !1 ··· !N! f1 ··· fN

Fig. 1. The structure of the chromosome consisting of L sections.

output with respect to the i th feature is given by




Ns
N (x − x )2 
 !
!y(xj )
2 !
nj
nk
=−
%∗k dk (xij − xik ) exp −


!xij
!
!
k=1

n=1

(7)

The feature saliency measure used in this work is based on the
derivative of the classifier output. However, other saliency measures,
which do not require differentiable classifier outputs can be applied.
3.3. Genetic search
Information representation in a chromosome, generation of initial
population, evaluation of population members, selection, crossover,
mutation, and reproduction are the issues to consider when designing a genetic search algorithm.
In this work, a chromosome contains all the information needed
to build a committee. We consider SVM-based committees and divide the chromosome into sections and each section into parts. The
number of sections is equal to the number of committee members
L. There are three parts in each section. One part encodes the regularization constant C, one the kernel width parameter !, and the
third one encodes the inclusion/noninclusion of features. The binary
encoding scheme has been adopted in this work. Fig. 1 illustrates
the chromosome structure, where C1 · · · CNC refers to bits used to
encode the regularization constant C, !1 · · · !N! illustrates bits used
to encode the kernel width parameter !, with NC and N! standing
for the number of bits used to encode C and !, respectively. Features
are denoted by f1 , . . . , fN , where N is the number of features and fi is
1 or 0 meaning that the i th feature is included or not included into
the feature set, respectively.
To generate the initial population, information obtained in the
first feature selection phase, namely, the maximum number of features, and the initial values of C and ! are exploited. The maximum
number of features allowed for one committee member is equal to
the number of features determined in the first phase. In the initial
population, the features obtained from the first phase are masked
randomly and values of the parameters C and ! are chosen randomly
from the interval [C0 − "C, C0 + "C] and [!0 − "!, !0 + "!], respectively. For the width parameter !, the interval is given by 0.1 and
0.9 quintile of the #xi − xj #2 statistic and the parameter !0 is set to
the midpoint of the interval. The search interval for the regularization constant C is limited by 0 and the maximum value, Cmax , found
from several preliminary experiments.
The fitness function used to evaluate the chromosomes is given
by the classification accuracy of the validation set data. The committee output was obtained by averaging the outputs of committee
members. Other aggregation approaches can also be applied. For instance, if using the weighted averaging aggregation scheme, the aggregation weights can also be found during the genetic search. To
distinguish between more than two classes, the one vs. one pairwiseclassification scheme has been used.
The selection process of a new population is governed by the fitness values. A chromosome exhibiting a higher fitness value has a
higher chance to be included in the new population. The selection
probability of the i th chromosome pi is given by
r
pi = # i
M r
j=1 j

(8)

where ri is the classification accuracy obtained from the committee
encoded in the i th chromosome and M is the population size.
The crossover operation for two selected chromosomes is executed
with the probability of crossover pc . If a generated random number
from the interval [0,1] is smaller than the crossover probability pc ,
the crossover operation is executed. Crossover is performed separately in each section of a chromosome. The crossover point is randomly selected in the “feature mask” part and two parameter parts
of each section and the corresponding parts of two chromosomes
selected for the crossover operation are exchanged at the selected
points.
The mutation operation adopted is such that each gene is selected
for mutation with the probability pm . The mutation operation is executed independently in each part of each chromosome section. If
the gene selected for mutation is in the feature part of the chromosome, the value of the bit representing the feature in the feature
mask (0 or 1) is reversed. To execute mutation in the parameter part
of the chromosome, the value of the offspring parameter is mutated
by ±"', where ' stands for C or !, as the case may be. The mutation
sign is determined by the fitness values of the two chromosomes,
namely the sign resulting into a higher fitness value is chosen. Thus,
to perform the mutation, the computationally expensive fitness evaluation needs to be performed. However, such a choice reduces the
total number of genetic iterations required. Furthermore, the mutation probability used is rather low. The way of determining the
mutation amplitude "' is somewhat similar to that used in Ref. [59]
and is given by

"' = w((max(|' − 'p1 |, |' − 'p2 |))

(9)

where ' is the actual parameter value of the offspring, p1 and p2
stand for parents, ( ∈ [0, 1] is a random number, and w is the weight
decaying with the iteration number:
w = k(1 − t/T)

(10)

where t is the iteration number, T is the total number of iterations,
and the constant k is chosen experimentally. The constant defines
the initial mutation amplitude. The value of k = 0.4 worked well in
our tests.
In the reproduction process, the newly generated offspring replaces the chromosome with the smallest fitness value in the current
population, if a generated random number from the interval [0,1] is
smaller than the reproduction probability pr or if the fitness value of
the offspring is larger than that of the chromosome with the smallest fitness value.
4. Experimental investigations
4.1. Data used
To test the approach we used five real-world problems. Data characterizing four of the problems are: US congressional voting records
problem, The diabetes diagnosis problem, Wisconsin breast cancer
problem and Wisconsin diagnostic breast cancer (WDBC) problem are
available at: http://www.ics.uci.edu/∼mlearn/. The fifth problem
concerns classification of laryngeal images [60,61].
Laryngeal images. The task is to automatically categorize color
laryngeal images (images of vocal folds) into the healthy, nodular, and
diffuse decision classes [60]. Fig. 2 presents characteristic examples
from the three decision classes considered.
Due to a large variety of appearance of vocal folds, the categorization task is sometimes difficult even for a trained physician. Fig. 3
provides an example of such a task. The image placed on the righthand side of the figure comes from the nodular class, while the other
two are taken from the healthy vocal folds. In this case, the only
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Fig. 2. Images from the nodular (left), diffuse (middle), and healthy (right) classes.

Fig. 3. An example of a laryngeal image coming from the nodular class (the right-most) along with two images from the healthy class. The slightly convex vocal fold edges
in the upper part of the nodular class image is the only discriminative feature.

discriminative feature is the slightly convex vocal fold edges in the
upper part of the image coming from the nodular class.
Aiming to obtain a comprehensive description of laryngeal images, multiple feature sets exploiting information on image color,
texture, geometry, image intensity gradient direction, and frequency
content are extracted [61]. Image color distribution, distribution of
the image intensity gradient direction, parameters characterizing the
geometry of edges of vocal folds, distribution of the spectrum of the
Fourier transform of the color image complex representation (two
types of the frequency content based features), and parameters calculated from multiple co-occurrence matrices are the six sets of features used to describe laryngeal images [61]. Here we present a brief
description of the feature sets used.
4.1.1. Color features
The approximately uniform L∗ a∗ b∗ color space [62] was employed
to represent colors. We characterize the color content of an image
by the probability distribution of the color represented by the 3-D
color histogram of N = 4096 (16 × 16 × 16) bins and consider the
histogram as an N-vector. Most of bins of the histograms were empty
or almost empty. Therefore, to reduce the number of components of
the N-vector, the histograms built from a set of training images were
summed up and the N-vector components corresponding to the bins
containing less than N% hits in the summed histogram were left aside.
Hereby, when using N% = 10 we were left with 733 bins—a vector of
733 components. The color features xC are then given by the first 50
principal components computed using the 733-component vector.
4.1.2. Texture features
A polynomial fk (d) of degree n
fk (d) = xk0 + xk1 d + · · · + xkn−1 dn−1 + xkn dn

(11)

is fitted to the normalized values of each (k) of the 14 well-known
Haralick's coefficients calculated from the co-occurrence matrices
evaluated for several distance parameter values [63]. The coefficients
are calculated from the average co-occurrence matrix obtained by
averaging the matrices calculated for 0◦ , 45◦ , 90◦ , and 135◦ directions. The distance parameter d values utilized to calculate the cooccurrence matrices were d = 1, 3, 5, 7, 9, 11, 13, 15. Parameters
of the polynomials were then used as components of the measure-

ment vector xT . Thus, the number of components in the feature vector xT is equal to (n + 1) × 14. The polynomial degree n is selected
experimentally. The set of features defined by the second order polynomial provided the best performance.
4.1.3. Fourier spectrum based features
Let P(u, v) be the Fourier spectrum of a color image [61]. The upper
part of the frequency plane is divided into M equidistant wedges Wi
and the average power
Pi =

1
NWi

!

P(u, v),

u,v∈Wi

i = 1, . . . , M

(12)

is computed in each of the wedges, where NWi is the number of
distinct frequencies in the wedge Wi . The P i values constitute the
feature vector xF1 .
To extract the image frequency content based features of the
second type, the frequency plane is divided into several rings Ri of
different average frequency. The Chi-square )i and the entropy Mi
of the Fourier power computed in each of the rings constitute the
feature vector xF2 [61].
4.1.4. Image intensity gradient based features
The features are based on the distribution of the image intensity
gradient direction. The direction angle %(x, y) of the image intensity
gradient vector ∇L is given by

%(x, y) = tan−1 (Gx /Gy )

(13)

!L !L
where ∇L=[Gx Gy ]T =[ !x !y ]T . The Sobel operator, which consists of
a pair of 3×3 convolution masks has been used to estimate the image
intensity gradient. We use a histogram to represent the distribution
of the angle %(x, y) and the histogram vector x∇ as a feature vector of
this type. The number of histogram bins was found experimentally
and was equal to 1000.
4.1.5. Geometrical features
Geometrical features we use are mainly targeted to characterize
the shape of edges of two vocal folds [61]. Two thirds of the lower
part of laryngeal images are used in the analysis. Various techniques
can be applied to extract color edges. In this work, we exploited the
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Table 1
The average test data set classification accuracy obtained for the different data sets
from a single SVM when using: all the original features (upper part) and the selected
features (lower part)

Fig. 4. Laryngeal images coming from the nodular (left) and healthy (right) classes
along with two third order curves used to calculate the geometrical features xG .

technique based on the difference vector operators [64]. In the next
step, all the edge pixels were sorted out into connected components
and the small ones were eliminated. Two large connected components, one on the left- and the other on right-hand side of the image
being analyzed were then found and used in further analysis.
Having the two connected components, three polynomial curves
given by Eq. (14)—one of the first, one of the second, and one of the
third order—were fitted to pixels of each of the components
p(x) = p0 + p1 x + · · · + pn−1 xn−1 + pn xn ,

n = 1, 2, 3

(14)

Thus, in total, we have 18 parameters pi characterizing the six curves.
The parameters pi constitute the feature vector xG . Fig. 4 presents
two examples of laryngeal images coming from the healthy and
nodular classes along with the third order polynomial curves found.
4.2. Experimental setup
In all the tests, we run an experiment 30 times with different
random partitioning of the data set into learning, Sl , validation, Sv ,
and test, St data sets. The learning set is used to train the model, the
validation set is used to select hyper-parameters of the model. The
mean values and standard deviations of the classification accuracy
presented in this paper were calculated from these 30 trials using
the test set data. The parameter values used in the genetic search
have been found experimentally. The following values worked well
in all the tests: pc = 0.95, pm = 0.02, and pr = 0.05.
In the case of laryngeal images, a separate SVM is used to categorize features of each type into the decision classes. The final image
categorization is then obtained based on the decisions provided by a
committee of support vector machines. In this work, there were 49
images from the healthy class, 406 from the nodular class, and 330
from the diffuse class. Out of the 785 images available, 650 images
were assigned to the learning set, 75 to the test set, and 60 to the
validation set.
4.3. Results
First, the average test data set classification accuracy obtained
from a single SVM without any involvement of the designing
procedure proposed was estimated. The optimal values of the regularization constant C and the kernel width ! have been selected
experimentally. To select the values, a “qualified guess” was made
from several experiments, first. Then, several loops were run to
refine the values by keeping one parameter fixed and adjusting the
other one, interchangeably.
The upper part of Table 1 presents the average test data set classification accuracy obtained for the first four data sets from a single
SVM when using all the original features in the classification process.
The number of classes and the number of features available are also
given in the table. In the parentheses, the standard deviation of the
classification accuracy is provided. The average test data set classifi-

Data set

Number of
classes

Number of
features

Accuracy, %
(std. deviation)

Diabetes
WBCD
Voting
WDBC

2
2
2
2

8
9
16
30

76.9
96.9
95.5
97.2

Data set

Average
number of
iterations

Average
number of
selected features

Accuracy, %
(std. deviation)

Diabetes
WBCD
Voting
WDBC

8
7
12
20

4
6
3
17

77.6
97.2
96.3
98.1

(1.6)
(0.8)
(1.0)
(1.0)

(1.5)
(0.6)
(1.0)
(0.7)

Table 2
The average test data set classification accuracy obtained when using a separate
SVM for each type of features extracted from the laryngeal images
Feature type

Number of
classes

Number of
features

Accuracy,
% (std. deviation)

Gradient
Co-occurrence
Frequency (F1)
Frequency (F2)
Geometrical
Color

3
3
3
3
3
3

1000
42
180
40
18
50

52.3
83.6
83.4
78.0
69.2
91.8

(5.8)
(3.2)
(3.4)
(3.0)
(3.5)
(2.7)

cation accuracy obtained when using a separate SVM for each type of
features extracted from the laryngeal images is presented in Table 2.
In the next experiment, we studied the effectiveness of the feature
selection procedure applied to single SVMs. Both, the feature subsets and the hyper-parameter values were found using the genetic
search procedure. The lower part of Table 1 summarizes the results
of the test concerning the first four problems. Apart from the average test data set classification accuracy obtained using the selected
features, the table also provides the number of selected features and
the number of genetic iterations required to achieve the solution.
The number of features eliminated in the first selection phase has
been equal to 1, 1, 6, and 12 for the Diabetes, WBCD, Voting, and
WDBC databases, respectively. Observe that the first two problems
are characterized by 8 and 9 features, respectively. Thus, there are
very few clearly redundant features. The larger number of features
eliminated in the first phase for the other two problems significantly
speeds up the genetic search executed in the second phase.
As can be seen from Table 1, for all the databases, the average
classification accuracy obtained from the single SVMs trained on the
selected feature sets is higher than that achieved using all the features available. We remind that the manual and genetic search based
tuning of the hyper-parameters (C and !) was used to obtain results
presented in the upper and the lower part of Table 1, respectively.
Thus, one may wonder about the source of improvement in classification accuracy. Is the improvement due to the genetic search based
parameter tuning or feature selection? Observe that in the case of
manual parameter tuning, values of the parameters were selected
very carefully. Thus, the improvement is due to feature selection.
Results presented in Tables 2 and 3, where the genetic search based
parameter tuning is applied in both cases, substantiate this observation. The improvement in classification accuracy obtained for the
data presented in Table 1 is rather marginal and is likely to be statistically insignificant for high confidence values. However, as we
will see shortly, a considerable improvement in classification accuracy is obtained when classifying laryngeal images represented by a
large number of features. The number of genetic iterations needed
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to achieve the solutions is very small. The population size was equal
to 50 in all the tests. Fig. 5 provides two graphs plotting the classification accuracy as a function of the number of genetic iterations
for the WDBC and Voting databases. For each genetic iteration, the
performance of the best population member is shown in Fig. 5. The
performance achieved by the best member at the end of the search
procedure (max) is also shown.
The results obtained for the different feature sets characterizing
the laryngeal images are summarized in Table 3. The number of features eliminated in the first feature selection phase ranged from 5
to over 700. As can be seen from Tables 2 and 3, a considerable
improvement in classification accuracy has been obtained using the
proposed SVM designing approach. Observe that even for a single
SVM, the genetic search technique was utilized to find both the feature subset and the hyper-parameter values. The number of features

chosen is considerably lower than that presented in Table 2, especially for the Gradient and Frequency (F 1) feature types. On average,
a very small number of genetic iterations was required to find the
solutions. Fig. 6 provides two graphs plotting the correct classification rate as a function of the number of genetic iterations for the
two types of frequency features. For each genetic iteration, the performance of the best population member is shown.
In the last experiment, the effectiveness of the feature selection
procedure applied to SVM committees has been studied. Table 4
summarizes the results of the experiment.
All the committees were made of six members, L = 6. All six
members of the committees built for solving the first four problems
used the same initial feature set. Each member of the committee built
for solving the Laryngeal problem utilized a different feature set—one
of the six available types. For all committee members, features in a
chromosome encoding a committee in the initial population were

Table 3
The average test data set correct classification rate obtained for the different types
of features extracted from laryngeal images when using a separate SVM for each
type of selected features
Average number of iterations

Accuracy,
% (std. deviation)

362
28
78
29
10
42

17
13
37
13
13
13

83.7
85.5
89.7
79.6
72.1
92.7

Classification accuracy, %

Gradient
Co-occurrence
Frequency (F1)
Frequency (F2)
Geometrical
Color

Average number of selected
features

(4.4)
(3.6)
(2.4)
(3.5)
(3.5)
(2.6)

Average number of selected
features

Average number of iterations

Accuracy,
% (std. deviation)

Diabetes
WBCD
Voting
WDBC
Laryngeal

5
5
6
9
28

8
14
37
20
8

77.7
97.3
96.6
98.3
95.0

max = 98.1%

98.5

98

97.5

97

Data set

Classification accuracy, %

Feature type

Table 4
The average test data set classification accuracy obtained for the different data sets
from a committee when using the selected features

0

5
10
15
Number of iterations

20

(1.5)
(0.6)
(0.8)
(0.5)
(1.9)

max = 96.3%

96.3
96.2
96.1
96
95.9
95.8
95.7
95.6
95.5

0

2

4
6
8
10
Number of iterations

12

max = 89.7%

90

Classification accuracy, %

Classification accuracy, %

Fig. 5. The test data set classification accuracy obtained from a single SVM as a function of the number of genetic iterations for the Wisconsin diagnostic breast cancer (left)
and the US congressional voting records (right) data sets.

89
88
87
86
85

0

10
20
30
Number of iterations

max = 79.6%

80
79.5
79
78.5
78
77.5

0

2

4
6
8
10
Number of iterations

12

Fig. 6. The test data set classification accuracy obtained from a single SVM as a function of the number of genetic iterations for the two types of frequency features extracted
from the laryngeal images.
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masked randomly. The average test data set classification accuracy,
the average number of features used by one committee member,
and the number of iterations needed to obtain the solution are given
in Table 4. As can be seen from Table 4, the technique developed
is capable of evolving accurate classification committees in a small
number of genetic iterations.Table 5 provides the main parameters
of members of the committee evolved for categorizing the laryngeal
images. Comparing the results presented in Tables 3 and 5 one can
find out that the committee members use less features and are less
accurate than the separately designed classifiers. However, as it will
be demonstrated in the next section, the more accurate individual
classifiers when aggregated into a committee provide lower accuracy
than that obtained from the committee designed by evolving all its
members in parallel.
Fig. 7 provides two graphs plotting the test data set classification
accuracy obtained from the committees as a function of the number
of genetic iterations for the laryngeal (left) and the WDBC (right)
problems.
4.4. Comparisons
Aiming to explore the effectiveness of the proposed procedure for
designing classification committees, several comparisons in terms of
classification accuracy and computation time have been performed.
The set of laryngeal images, represented by the six different feature
sets, has been used in the experiments. In the first experiment, the
first feature selection phase based on the marginal filter approach
was eliminated and the genetic search started from all the available
features.
Next, the effectiveness of two other techniques for feature elimination in the first phase of the designing procedure has been investigated. The popularity of the techniques determined the choice. The
first technique was based on the Fisher index. The Fisher index for

Table 5
The main parameters of members of the committee evolved for categorizing the
laryngeal images
C

!

Number of selected features

Accuracy, %

Gradient
Co-occurrence
Frequency (F1)
Frequency (F2)
Geometrical
Color

18
23
37
48
690
7

0.02
0.04
0.04
0.04
0.02
0.04

47
28
28
25
8
33

81.2
84.4
88.6
79.5
71.5
92.2

95
94.5
94
93.5
93
92.5
92
0

2
4
6
Number of iterations

8

(#k,i − #k,j )2

(15)

(Ni − 1)!2k,i + (Nj − 1)!2k,j

where the indices i and j refer to the two classes and #k,i , #k,j , !2k,i ,
and !2k,j are the class means and variances for variable xk . The FI

is a measure of the between class spread (#k,i − #k,j )2 in relation to
the within class spread [(Ni − 1)!2k,i + (Nj − 1)!2k,j ], with Ni and Nj

being the number of data points in the classes. Since we have three
classes, the Fisher index was calculated for the three pairs and then
the minimum value of these three was used. Features eliminated
in the first phase were those exhibiting the lowest values of the
Fisher index. The number of eliminated features was equal to that
determined by the t-test used in the proposed technique.
The second technique for the feature elimination in the first phase
explored was based on the sequential forward feature selection. The
first feature selected was the one providing the highest classification
accuracy. The k NN classifier has been used to assess the accuracy,
due to no needs for training. The number of k was determined by
cross-validation and was equal to 9. The feature added at the j th step
was the one providing the highest performance when used together
with all the features selected up to the j th step. The inclusion process
was terminated when the number of features left aside was equal to
the number of features eliminated by the t-test. Thus, the features
left aside, were features eliminated in the first phase of the designing
procedure. The selected features were then used in the genetic search
process.
Fig. 8 plots the test data set classification accuracy as a function
of the number of genetic iterations for the four committee designing alternatives. The graph labelled with '"' presents the alternative
without using the first feature elimination phase. The results obtained using the proposed technique are denoted by '#', while 'o' and
'×' denote the Fisher index and k NN based approaches, respectively.
Fig. 9 illustrates the effectiveness of the four committee designing
alternatives in terms of computation time. The simulations were performed using a PC with a 2.4 GHz clock frequency. The software was
written using the C++ and Matlab programming languages. As can
be seen from the figures, the proposed technique outperformed the
other three options in both classification accuracy and computation
time. If the number of genetic iterations is increased substantially
and parameters of the GA are adjusted accordingly when using all the
features in the search, one, of course, would be able to achieve the
classification accuracy as high as that obtained by the technique proposed. However, the computation time would increase even more.

max = 95.0%

95.5

91.5

FIk =

Classification accuracy, %

Classification accuracy, %

Feature type

feature k and i, j pair of classes is defined as

max = 98.3%

98.4
98.3
98.2
98.1
98
97.9
97.8
97.7
97.6

0

5
10
15
Number of iterations

20

Fig. 7. The test data set classification accuracy obtained from the committee as a function of the number of genetic iterations for the laryngeal (left) and the Wisconsin
diagnostic breast cancer (right) data sets.
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Classification accuracy, %

95
94
93
92
Fisher index
kNN

91
90

All features
Proposed
0

2

4
6
Number of iterations

8

10

Fig. 8. The test data set classification accuracy as a function of the number of genetic
iterations.

Classification accuracy, %

95
94
Fisher index
kNN

93

All features
Proposed

92
91
90

0

0.5

1
Time, sec.

1.5

2
x

105

Fig. 9. The test data set classification accuracy as a function of the training time.

In the last experiment, a committee was built using independently designed members, presented in Table 3. Using of independently designed members is a widely adopted approach to
creation of classification committees. As mentioned above, the independently designed members are more accurate than those evolved
when designing a committee according to the proposed technique,
see Table 5. However, the 93.7% classification accuracy achieved
from the committee of the independent members was lower than
the highest accuracy achieved in this work. Moreover, the number of
features used by the independent members is considerably higher.
Thus, the technique proposed outperformed two popular the
state-of-the-art approaches to feature selection for classification
committees: the genetic search based selection starting the search
from all the available features (“All features” curves in Figs. 8 and 9)
and selection of features independently for each committee member.
5. Conclusions
A two phase procedure to select salient features for classification committees has been presented in this work. To mitigate the
computation burden problem, both the marginal filter and wrapper approaches to feature selection are combined. Elimination of
clearly redundant features in the filter approach-based first phase
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of the procedure speeds up the genetic search executed in the second, wrapper approach-based, phase of the designing process. The
paired t-test comparing the saliency of the candidate and the noise
features is employed for the feature elimination in the first phase.
The experimental tests were performed on: The US congressional
voting records problem, The diabetes diagnosis problem, Wisconsin
breast cancer problem, Wisconsin diagnostic breast cancer problem
(http://www.ics.uci.edu/∼mlearn/), and the problem of classification of laryngeal images. The genetic search integrating the steps of
training, aggregation of committee members, selection of hyperparameters, and selection of salient features into the same learning
process allows finding a trade-off between the accuracy and diversity of the members. The committee evolved for classification of laryngeal images substantiates the fact. The committee outperformed
its counterpart composed of more accurate members evolved independently. The classification accuracy obtained for these committees
was 95.0% and 93.7%, respectively. The experimental investigations
have shown that the first phase feature elimination based on the
t-test is more effective, in terms of the achieved classification accuracy, than the k NN and Fisher index based approaches. In the case
of feature sets containing a large number of redundant features, the
gradient and frequency F1 feature sets characterizing the laryngeal
images for example, more than a half of the available features were
eliminated in the first phase of the procedure. For these feature sets,
the proposed technique allowed to increase the classification accuracy from 52.3% to 83.7% and from 83.4% to 89.7%, respectively. For
the laryngeal images classification problem characterized by a large
number of redundant features, the application of the first feature
elimination phase, reduced the genetic search duration almost four
times without any increase in the classification error. By contrast,
the obtained classification error was slightly (9%) lower. On average, only 10–40 genetic iterations were required to find a solution.
However, the genetic iterations can be computationally demanding,
since for example the mutation operation entails several fitness
evaluations.
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