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Abstract In this paper, a learning model for binary and
multiclass classification based on local modeling and Infor-
mation Theoretic Learning (ITL) is described. The training
algorithm for the model works on two stages: first, a set of
nodes are placed on the frontiers between classes using a
modified clustering algorithm based on ITL. Each of these
nodes defines a local model. Second, several one-layer neural
networks, associated with these local models, are trained
to locally classify the points in its proximity. The method
is successfully applied to problems with a large amount of
instances and high dimension like intrusion detection and
microarray gene expression.

Keywords Machine learning · Classification · FVQIT ·
Information theoretic learning · Local modeling

1 Introduction

Pattern classification in highly non-linear and multimodal
problems has been a challenge for machine learning algo-
rithms through the years. Several previous researchers [28]
have analyzed the difficulties found when facing these kinds
of problems by both classical statistical classifiers (such
as Fisher Linear Discriminant [20] and its variations) and
machine learning methods (such as artificial neural networks
[4] and decision trees like ID3 [46] or C4.5 [47]). Over the
last years, more sophisticated models have come out. These
models try to mitigate the weaknesses of classical algorithms
in order to being able to deal with more complex classification
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problems. One of the latest and more well-known approaches
are Support Vector Machines (SVMs) [13]. These models
convert a complex non-linear, non-separable problem into
a linear problem, by means of a transformation to a higher
dimensional space.

Most classifiers are global methods. A global method
attempts to solve a problem by means of adjusting a sin-
gle model for the whole feature space. However, there exists
another approach to the classification problem, the combina-
tion of classifiers [30]. This is a relatively recent technique
that can be considered a meta-algorithm in the sense that it
combines a set of component classifiers in order to obtain
a more precise and stable model. The two most important
strategies to combine classifiers are fusion and selection. On
fusion of classifiers, each of the classifiers has knowledge of
the totality of the feature space. On the other hand, on selec-
tion of classifiers, each classifier knows only a part of the
feature space.

The methods based on fusion of classifiers are also known
as ensemble methods. The most popular strategies are Boost-
ing, Bagging and Stacking:

– Boosting is based on the question enunciated by Kearns
[27]: “can a set of weak learners create a single strong
learner?” They consist of training several weak classifiers
iteratively and adding them to a final strong classifier.
After a weak learner is added, data are weighted: misclas-
sified samples gain weight and correctly classified ones
lose weight. In this manner, newly added weak learners
focus more on previously misclassified samples. Algo-
rithms of this family are, e.g. AdaBoost [22] and its vari-
ants AdaBoost.M1 and M2 [21], and AdaBoostR [37].

– Bagging [8] randomly generates several data sets from
the original one with replacement. The models are trained
and combined using voting.
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– Stacking [55] utilizes an extra classifier that learns to
combine the outputs of the base classifiers in order to
generate a common final output.

The methods based on selection of classifiers are also
known as local methods. The idea of using different clas-
sifiers for different inputs was suggested by Dasarathy and
Sheela [14], who combined a linear classifier and a k-Nearest
Neighbor (k-NN). Rastrigin [48] already proposed a method-
ology for selection of classifiers that is virtually similar to the
one used these days. The philosophy of local methods con-
sists of splitting up the feature space in several subspaces and
adjusting a model for each of these subspaces. Each subprob-
lem is supposed to be simpler than the original model and
may be solved with simpler classification models, i.e. linear
ones. In this manner, large and complex problems, like the
ones dealt in this paper, are more approachable. Therefore,
a correct division of the original problem is very important
for the correct operation of the system. The most straight-
forward way of splitting up the data is a division in regular
regions, which is posible, but it may happen that some of
them contain few or no data at all. In order to insure that the
regions always contain some patterns, it is usual to employ a
clustering algorithm to split up the data [29,35].

In this paper, a local classification method called Frontier
Vector Quantization based on Information Theoretic con-
cepts (FVQIT) is presented. The algorithm performs clas-
sification based on the combination of neural networks by
means of local modeling and techniques based on Informa-
tion Theoretic Learning (ITL) [44]. ITL is a framework used
to construct algorithms which is able to model information
extracted from data. It has obtained analytically tractable
cost functions for Machine Learning problems through the
expression of classical Information Theory concepts such
as divergence, mutual information, etc. in terms of Renyi’s
entropy and nonparametric Probability Density Function
(PDF) estimators. These cost functions can substitute classi-
cal ones such as Mean Square Error (MSE) in widely known
models such as linear filters, Multi-Layer Perceptron (MLP),
etc. It can be proven that, using these cost functions, models
are more robust to noise and able to obtain optimal parame-
ters in a more accurate way in scenarios where Gaussianity
of output noise cannot be assumed [44]. FVQIT is based on
Vector Quantization using Information Theoretic concepts
(VQIT) [31], an information theoretic clustering algorithm
that is able to distribute a set of nodes in such a way that
mutual information between the nodes and the data set is
maximized. The result of this self-organizing task can be
subsequently used for clustering or quantization purposes.

There exist two versions of FVQIT, one for binary (two-
class) problems and the other one for multiclass problems.
The method, in its binary version, has been applied to sev-
eral high-dimensional problems, both in samples and fea-

tures, such as intrusion detection [43] and binary microarray
gene expression [41,42]. Moreover, in this paper, the mul-
ticlass version of FVQIT has also been studied over several
multiclass microarray gene expression data sets, and a com-
parative study with other classifiers has been carried out.

The rest of the paper is organized as follows. Section 2
describes the learning model and the training algorithm for
the binary version of the method. Section 3 describes the
multiclass version of FVQIT. In Sect. 4, the application of
the binary version of the method to intrusion detection and
microarray gene expression is exposed. Section 5 thoroughly
exposes the study of the multiclass version of the method on
the multiclass microarray gene expression problem. Finally,
Sect. 6 states the conclusions extracted.

2 Learning model for binary classification problems

The binary version of the model utilizes supervised learning
and is based on local modeling and ITL [36]. The method is
composed of two stages. First, a set of nodes, which are points
placed in the same space as data, are moved from their initial
random positions to the frontier between classes. This part
of the algorithm is a modification of VQIT algorithm [31].
Second, a set of local models, associated with the nodes,
based on one-layer neural networks are trained using the
efficient algorithm described in [10], in such a way that a
piecewise borderline between the classes is built. Therefore,
the final system consists of a set of local experts, each of
which will be trained to solve a subproblem of the original.
In this manner, the method benefits from a finer adaptation
to the characteristics of the training set. The following sub-
sections describe both stages in detail.

2.1 Selection of local models

The VQIT algorithm, upon which FVQIT is based, was
developed for vector quantization, that is, for representing
a large data set with a smaller number of vectors in an
appropriate way [31]. However, in our approach, the orig-
inal algorithm has been modified in order to be able to build
a piecewise representation of the borderline between classes
in a classification problem. Therefore, the objective is plac-
ing a set of nodes on the frontier between the two classes, in
such a way that each node will represent a local model.

The algorithm minimizes the energy function that calcu-
lates the divergence between the Parzen estimator of the dis-
tribution of data points and the estimator of the distribution
of the nodes. Under this premise, a physical interpretation
can be made. Both data points and nodes are considered two
kinds of particles associated with a potential field. These
fields induce repulsive and attractive interactions between
particles, depending on its sign. In the original VQIT algo-
rithm, data and nodes had different signs. In FVQIT, data
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Fig. 1 Evolution of a node from a random position to a position on the
frontier between classes

particles belonging to different classes have different signs.
In this manner, a series of forces converge upon each node.
Training patterns of a class exert an attractive force on a
node, and training patterns of the other class induce a repul-
sive force on it. Which class attracts and which class repels
is decided using the Euclidean distance and k-NN [11] as
a rule of thumb. The closest class to the node (called ‘own
class’) repels it and the furthest one attracts it. These roles
alternate during the iterations as nodes move. An example of
the movement of a node until it reaches its stability point can
be seen in Fig. 1. Moreover, there exists a third force of repul-
sion between the nodes, which favors a better distribution,
avoiding the accumulation of several nodes on a point.

In this context, the Parzen density estimators of the distri-
bution of data points f (x) and nodes g(x) are:

f (x) = 1
N

N∑

i=1

K (x − xi , σ
2
f )

g(x) = 1
N

N∑

i=1

K (x − wi , σ
2
g )

(1)

where N is the number of data points, K is any kernel func-
tion, σ 2

f and σ 2
g are the variances of the kernel functions,

xi ∈ �n are data points, and wi ∈ �n are the weights asso-
ciated to the nodes.

The function of energy J (w) that calculates the divergence
between the Parzen estimators is:

J (w) = log
∫

f 2 (x) dx + 2 log
∫

f +(x)g(x) dx

−2 log
∫

f −(x)g(x) dx + log
∫

g2(x) dx (2)

where f +(x) and f −(x) are the estimators of the distribu-
tions of data for each of the classes.

According to [45], the first term of (2) is the information
potential among data. Since data are stationary during the
learning process, this term will not be considered from now
on. The second and third terms are the crossed correlations
between the distributions of data and nodes. The fourth term
is the information potential of the nodes. Note that H(x) =
− log

∫
g2(x) dx is the Renyi quadratic entropy of the nodes.

Consequently, minimizing the divergence between f (x) and
g(x) is equivalent to maximizing the sum of the entropy of
the nodes and the cross-information potentials between the
distribution of data and nodes.

Assuming this formulation, when the nodes are placed on
the minimum of the energy function J (w), they are situated
on a frontier area. Therefore, we utilize the gradient descent
method to move the nodes toward such situation. To develop
this, the derivative of (2) is calculated. For simplicity, the
derivation of J (w) is divided in three parts: (a) calculation
of the contribution of the data from the own class (the clos-
est one), (b) calculation of the contribution of the data from
the other class (the furthest one) and (c) calculation of the
contribution of the interactions between nodes.

Developing the last three terms in (2):

– Data from the own class:

C+ =
∫

f +(x)g(x) dx

= 1

M N+

∫ N+∑

i

G(x − x+
i , σ 2

f )

M∑

j

G(x − w j , σ
2
g )dx

= 1

M N+

N+∑

i

M∑

j

∫
G(x − x+

i , σ 2
f )G(x − w j , σ

2
g ) dx

= 1

M N+

M∑

j

N+∑

i

G(w j − x+
i , σ 2

a ) (3)

where M is the number of nodes, N+ is the number of
objects from the class of the node, x+

i are the data from
the own class, w j are the weights of the nodes and the
covariance of the Gaussian after integration is σ 2

a = σ 2
f +

σ 2
g .

– Data from the other class:

C− =
∫

f −(x)g(x) dx

= 1

M N−

∫ N−∑

i

G(x − x−
i , σ 2

f )

M∑

j

G(x − w j , σ
2
g ) dx

= 1

M N−

N−∑

i

M∑

j

∫
G(x − x−

i , σ 2
f )G(x − w j , σ

2
g ) dx

= 1

M N−

M∑

j

N−∑

i

G(w j − x−
i , σ 2

a ) (4)
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where N− is the number of objects from the class of the
node, x−

i are the data from the other class, w j are the
weights of the nodes and the covariance of the Gaussian
after integration is σ 2

a = σ 2
f − + σ 2

g .
– Interactions between nodes (entropy):

V =
∫

g(x)2 dx

= 1

M2

M∑

i

M∑

j

G(wi − w j ,
√

2σg) (5)

where wi and w j are the weights of the nodes.

The contributions to the gradient update for each of the
previous terms in an iteration are:

– Data from the own class:

∂

∂wk
2 log C+ = −2

∇C+
C+

(6)

where the term ∇C+ denotes the derivative of C+ with
respect to wk .

∇C+ = − 1

M N+

N+∑

i

G(wk − x+
i , σa)σ−1

a (wk − x+
i )

(7)

– Data from the other class:

∂

∂wk
2 log C− = −2

∇C−
C−

(8)

where the term ∇C− denotes the derivative of C− with
respect to wk .

∇C− = − 1

M N−

N−∑

i

G(wk − x−
i , σa)σ−1

a (wk − x−
j )

(9)

– Interactions between nodes (entropy):

∂

∂wk
2 log V = ∇V

V
(10)

where the term ∇V denotes the derivative of V with
respect to wk .

∇V = − 1

M2

M∑

j

G(w j − wk,
√

2σg)σ
−1
g (wk − w j )

(11)

Therefore, using Eqs. (6), (8) and (10), and through gradi-
ent descent, the weight update rule for the node wk becomes:

wk(n + 1) = wk(n) − η

(∇V

V
+ ∇C+

C+
− ∇C−

C−

)
(12)

where n is the iteration and η is the step size.
As with self-organizing maps, a good starting point is to

choose high-variance kernels and a large η parameter such
that all particles interact with one another. This allows a fast
distribution of nodes along the feature space. Gradually, in
order to obtain stability and a smooth convergence, the vari-
ances of the kernels and the parameter η are decreased or
annealed at each step.

Once FVQIT is trained, the nodes, ideally, will find them-
selves well distributed on the frontiers between classes. Each
node defines a region, a local model in the feature space which
is in charge of classifying the data inside. Those models are
defined by proximity: the local model associated to each node
is composed of the nearest points (according to Euclidean
distance) in the feature space, independently of their class.
Therefore, data from both classes could coexist in the same
local model. Algorithm 1 summarizes the pseudocode of the
training process of FVQIT.

The method employs several input parameters. Some of
them can be assigned to a standard value or do not sig-
nificantly affect the final performance of the method. The
covariance matrices σ f and σg are assigned to the covari-
ance matrices of the patterns in the training set. This assign-
ment is derived from the work in [31] and has obtained
good results in the experiments in [36]. The parameter k
of the k-NN rule does not present a great impact on per-
formance as its effect when the nodes are near the fron-
tier between classes is compensated due to the subsequent

123



Prog Artif Intell (2012) 1:315–328 319

moves of the nodes. It may take any typical value between
1 and 10. The parameter η controls the magnitude of node
movements in each learning step. With high values, a sig-
nificant oscillation of the nodes in the first learning steps
will be observed and it will take longer time to converge
to a stable situation in the frontier. This parameter usually
takes values in the interval [range(X)/2, range(X)], where
range(X) = abs(max(D) − min(D)) and X , the training
set. ηdec and σdec control the smoothness of the convergence
to the frontier. They may take a value in the interval (0, 1),
although they typically take values close to 1 to ensure a
smooth evolution. The maximum number of iterations p is
a stopping condition added to the method. If a poor per-
formance is observed, it can be increased to let the method
converge to the frontier. The number of nodes M is usually
selected using cross validation.

2.2 Adjustment of local models

In the first stage, a set of local models was constructed. Since
each local model covers the closest points to the position of
its associated node, the input space is completely filled, as
input data are always assigned to a local model. In this second
stage, the goal is to construct a classifier for each local model.
This classifier will be in charge of classifying points in the
region assigned to its local model and will be trained only
with the points of the training set in this region.

As local modeling algorithms may suffer from temporal
efficiency problems, caused by the process of training several
local classifiers, we have decided to use a lightweight classi-
fier. We have chosen one-layer neural networks, trained with
the efficient algorithm presented in [10], as it has proven suit-
able in [36]. This algorithm allows rapid supervised training
for one-layer feed-forward neural networks. The key idea is
to measure the error prior to the non-linear activation func-
tions. In this manner, it is proven in [10] that the minimization
based on the MSE can be rewritten in equivalent fashion in
terms of the error committed prior to the application of the
activation function, which produces a system of equations
with I + 1 equations and unknowns. This kind of systems
can be solved computationally with a complexity of O(M2),
where M = I + 1 is the number of weights of the net-
work. Thus, it requires much less computational resources
than classic methods.

2.3 Operation of the model

After the training process, when a new pattern arrives to be
classified, the method first calculates the closest node wk

to a new pattern xn using the Euclidean distance and then
classifies it using the neural network associated with the local
model wk .

Fig. 2 Example of operation of FVQIT. Local models and frontier
between classes

In Fig. 2, a simple two-class bi-dimensional example is
displayed. Data from one class are displayed with ‘x’ mark
and data from the other class with circles. The FVQIT nodes
are represented with squares. The division in local models is
shown with dotted lines and the solid lines depict the decision
regions defined by each neural network.

3 Learning model for multiclass classification problems

The training process of multiclass FVQIT is very similar to
the binary one. In the first stage of the training process of the
binary version, the closest class to each node in each itera-
tion repelled the node and the other class attracted it. In the
multiclass version, for each node, the two nearest classes are
chosen using the same k-NN rule of thumb. From among
them, the closest one repels the node; the second closest one
attracts it (Algorithm 2). The rest of the training of the first
stage is the same as in binary FVQIT, employing the two
closest classes in order to generate the crossed information
potentials (see Sect. 2).
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In the second stage of the training of binary FVQIT, a
one-layer neural network was trained in each local model.
In the multiclass version, instead of just one neural network,
we will have several one-layer neural networks in each local
model, each of them associated with one of the classes of
the problem. Thereafter, the training is performed following
a one-versus-rest strategy, that is to say, each neural network
is trained to recognize the patterns of “its” class against the
points of the rest of classes.

Once the model is trained, when a new pattern needs to be
classified, in binary FVQIT the pattern was assigned to the
nearest local model (using Euclidean distance) and the asso-
ciated network classified it into one of the two classes. In mul-
ticlass FVQIT, the pattern is assigned to a local model in the
same manner. However, after that, the outputs of the one-layer
neural networks associated to this local model are evaluated.
The pattern is classified in the class associated to the network
that produces the highest output (ci = arg max j net j ).

4 Applications of the binary version

The binary version of FVQIT has been studied over sev-
eral high-dimensional problems. In this section, two studies
are described. First, the study on intrusion detection, par-
ticularly the KDD Cup 99 data set, which has a very large
amount of data. Second, the method is applied on microarray
gene expression data sets. These data sets have a very large
amount of features (in the order of the thousands) and very
few samples (in the order of the tens).

4.1 Experimental study over intrusion detection

The KDD Cup 99 data set is a processed version of the
DARPA 1998 data set, which was constructed from a simula-
tion performed by the Defense Advanced Research Projects
Agency (DARPA) through the Intrusion Detection Evalua-
tion Program (IDEP) in 1998. The KDD Cup 99 data set was
released for a classifier learning contest, whose task was to
distinguish between legitimate and illegitimate connections
in a computer network [18], at the Knowledge Discovery and
Data Mining (KDD) Conference in 1999. The training data
set consists of about 5 million connection records (although a
reduced training data set containing around 500,000 records
exists) [32]. Each record contains values of 41 variables
which describe different aspects of the connection, and the
value of the class label (either normal, either the specific
attack type). The test data set comprises 300,000 records
and its data are not from the same probability distribution as
training data.

Following the KDD Cup contest, the data set has been
extensively used as a benchmark for developing machine
learning algorithms for intrusion detection systems. The data

set is very demanding not only because of its size but also
due to the great inner variability among features. For those
reasons, the KDD Cup 99 data set is one of the most chal-
lenging classification problems nowadays. Despite that KDD
Cup 99 is a multiclass data set, it can be treated as a binary
data set, simply by considering attack or no attack, instead
of the different attack types. This approach is interesting in
the sense that, most of the time, it is enough to distinguish
between normal connections and attacks. This transforma-
tion has been carried out by other authors [3,23], and there
exist several results in the literature which are utilized as part
of the comparative study.

The experimental study performed involves applying the
proposed FVQIT algorithm to the binary version of the KDD
Cup 99 data set [43]. As a preliminary stage, discretization
and feature selection were both performed on the data set.
The motivation for using discretization is that some fea-
tures of the KDD Cup 99 data set present high imbalance
and variability. This situation may cause a malfunction in
most feature selection methods and classifiers. The problem
is softened up using discretization methods. In substance, the
process of discretization involves putting continuous values
into groups, by means of a number of discrete intervals. Two
discretization methods will be employed in this study: Pro-
portional k-Interval Discretization (PKID) [56] and Entropy
Minimization Discretization (EMD) [19].

In order to reduce input dimensionality and improve the
computational efficiency of the classifier, feature selection
was performed. Filter methods were chosen because they are
computationally cheaper than wrapper methods, and compu-
tational efficiency is a desirable feature, given the large size
of the data set [6]. The filters that will be used in this study
are INTERACT [57] and Consistency-based Filter [15].

The discretization methods (PKID and EMD) are consid-
ered in combination with the above-named filters (INTER-
ACT and Consistency based). Thus, four combinations of
discretizator plus filter are analyzed in order to check which
subset of features works best with the FVQIT method.

The model is trained with the KDD Cup 99 reduced train-
ing data set—494,021 samples—and is tested using the stan-
dard KDD Cup 99 test data set of 311,029 samples. Three
performance measures are employed:

– Test error (TE): indicates the overall percentage error rate
for both classes (Normal and Attack).

– True positive rate (TP): shows the overall percentage of
detected attacks.

– False positive rate (FP): indicates the percentage of nor-
mal patterns classified as attacks.

The results of the proposed method are compared with
those obtained by other authors [3,6,18,23], as can be seen
in Table 1. Specifically, the classification methods to be
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Table 1 Results obtained by the
four versions of the proposed
method and by other authors

Method TE (%) TP (%) FP (%) NF

PKID+Cons+FVQIT 5.95 92.73 0.48 6

EMD+INT+FVQIT 5.40 93.50 0.85 7

EMD+Cons+FVQIT 4.73 94.50 1.54 7

PKID+INT+FVQIT 5.68 93.61 2.75 7

KDD Winner 6.70 91.80 0.55 41

PKID+Cons+C4.5 5.14 94.08 1.92 6

EMD+INT+C4.5 6.69 91.81 0.49 7

FNs_poly 6.48 92.45 0.86 41

FNs_fourier 6.69 92.72 0.75 41

FNs_exp 6.70 92.75 0.75 41

SVM Linear 6.89 91.83 1.62 41

SVM RBF 6.86 91.83 1.43 41

ANOVA ens. 6.88 91.67 0.90 41

LP 2cl. 6.90 91.80 1.52 41

compared are decision trees (C4.5), functional networks
(FN), SVMs, ANalysis Of VAriance (ANOVA) (ANOVA
ens.) and linear perceptrons (LP). Font in boldface indi-
cates best results considering all three measures altogether.
Table columns show the test error (TE), the true positive rate
(TP), the false positive rate (FP) and the number of features
employed (NF). Both error and rates are shown in percentage
(%). These measures (TE, TP and FP) are typical in the field
of intrusion detection.

As can be seen in Table 1, the combination PKID+Cons+
FVQIT obtains the best result as it improves the performance
obtained by the KDD Cup Winner in all three measures used,
using a considerably reduced number of features (6 instead
of the 41 original features).

In addition, this combination outperforms all other results
included in this study. Despite the fact that individual val-
ues of error and TP for the combination EMD+Cons+FVQIT
are better than those for the above-mentioned combination—
4.73 versus 5.95 and 94.50 versus 92.73—it must be noted
that the variations in percentage between these quantities are
quite small—20 and 2 % respectively—in contrast to the
variation between the values of FP—1.54 versus 0.48
(300%)–. On the other hand, error and TP for EMD+INT+
FVQIT, EMD+Cons+FVQIT, and PKID+INT+FVQIT are
good, but unfortunately at the expense of FP, which happens
to be high for all of them.

4.2 Experimental study over microarray gene expression

In this experimental study, the FVQIT classifier is employed
to classify 12 DNA microarray gene expression data sets of
different kinds of cancer. These data sets present features of

Table 2 Description of the data sets

Data set No. of features Total samples

Brain [38] 12,625 21

Breast [53] 24,481 97

CNS [40] 7,129 60

Colon [2] 2,000 62

DLBCL [1] 4,026 47

GLI [7] 22,283 85

Leukemia [24] 7,129 72

Lung [25] 12,533 181

Myeloma [52] 12,625 173

Ovarian [39] 15,154 253

Prostate [50] 12,600 136

SMK [51] 19,993 187

the order of thousands and very few samples (tens or hun-
dreds). A comparative study with other well-known classi-
fiers is carried out [41,42]. The number of features and sam-
ples for each data set are shown in Table 2.

Since the number of input features of these kinds of data
sets is huge, as can be seen on Table 2, feature selection is
applied again, as in the previous problem [49]. Two differ-
ent kinds of filter methods are employed: subset filters and
rankers. Subset filters provide a subset of selected features,
while rankers make use of a scoring function in order to
build a feature ranking, where all features of the data set are
sorted in decreasing relevance order. In the first experiment
(subset filters), the performance of the method is tested. The
aim of the second experiment (ranker methods), is to check
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the stability of the performance reached by FVQIT, indepen-
dently of the number of features selected.

4.2.1 Experiment 1: study of performance using subset
filters

In the first experimental setting, the FVQIT method is com-
pared with other classifiers with the objective of finding
out which classifier obtains the best performance. Thus,
five well-known machine learning classifiers— naive Bayes
(NB), k-NN, C4.5, SVMs, and MLP—are also applied over
the filtered data sets. The implementation of these methods
can be found in [33], except for MLP, where the Matlab
Neural Networks Toolbox was used. Three filters have been
chosen in order to consider different behaviors. In previous
works, values obtained by filters were shown to be influenced
by discretization [5], thus, as a consequence, we are using two
discretizers – EMD [19] and PKID [56]—in combination
with the subset filters Correlation-based Feature Selection
(CFS) [26], Consistency-based Filter [15] and INTERACT
[57], which can be found in the Weka tool [54].

The data sets have been divided using 2/3 for training
and 1/3 for test. A tenfold cross validation has been per-
formed on the training sets, in order to estimate the valida-
tion error to choose a good configuration of parameters. The
results of FVQIT have been compared with those obtained
by other classifiers. Table 3 shows the estimated test errors
(TE in the table) as well as the sensitivity (Se) and specificity
(Sp) rates—in percentage—and the number of features (NF)
selected by each method tested. Moreover, the ranking is dis-
played between parentheses. The ranking assigns a position
between 1 and 6 to each method in each data set, taking into
account the ties among them. Also, the best error obtained
for each data set is emphasized in bold font. Despite having
executed all six combinations of discretizer + filter, only the
best result for each classifier in each data set is shown.

As can be seen in Table 3, the FVQIT method obtains
good performance on all data sets, with an adequate num-
ber of selected features. Specially remarkable are the results
obtained on the data sets DLBCL and Leukemia, where the
FVQIT classifier is the only method able to achieve 0 % of
test error. The result obtained on the Prostate data set is also
important. Its test set is unbalanced (26 % of one class and
74 % of the other). C4.5, naive Bayes and k-NN are assigning
all the samples to the majority class and SVM is assigning
all the samples to the minority class, whereas FVQIT is able
to do something different and better, which results in a lower
test error.

In Table 4, the average rankings (obtained from the rank-
ings displayed in Table 3 between parentheses) are shown.
In average, the proposed method is clearly preferable above
the other methods studied. It is shown that the proposed
method is the most specific (it correctly identifies most of the

negatives) and the most sensitive (it correctly identifies most
of the positives). Therefore, in light of the above, we can
conclude that FVQIT classifier is suitable to be combined
with discretizers and filters to deal with problems with a
much higher number of features than instances, such as DNA
microarray gene expression problems.

4.2.2 Experiment 2: study of performance stability using
rankers

When using feature selection, sometimes it is difficult to com-
pare performance between classifiers because there are two
variables involved: test error and number of features selected.
Depending on the application, sometimes it may be desirable
to choose the minimum test error regardless of the number
of features, but sometimes a somewhat larger error may be
accepted in the interest of a smaller number of features. In this
context, the aim of the second experiment is to check the sta-
bility of the performance reached by the FVQIT classification
method independently of the number of features selected.
Therefore, in this case, it is advisable to utilize rankers, so
as to compare the performance of the classifiers in a wide
range of selected features. Four rankers have been chosen
in order to consider different behaviors. The ranker methods
that we have chosen and whose implementation can be found
in [33] are the following: Fisher Score [17], Chi-square [34],
Information Gain [12], and Minimal Redundancy Maximal
Relevance (mRMR) [16].

Since ranker methods provide a sorted list of features
according to a score, there is a decision to make regard-
ing the number of features to be selected. As of this, in this
experiment, we are going to test the classifiers with different
numbers of features. Thus, we are going to select the first 1,
3, 5, 10, 15, 20, 30, 40, 50 and 100 features from the sorted
list of features that the rankers provide.

First, the overall results of the comparative study for each
data set are presented and then we focus on the overall
results for each feature number. As the number of exper-
imental results is very large (all the combinations of 4
rankers, 7 classifiers and 10 different feature numbers over
12 data sets account for 3,360 experiments), some summary
of results needs to be used. In a similar way as in the first
part of the experimental section, the methods are sorted in
a table using a ranking in which ties have been taken into
consideration. The average rankings of test error, sensitiv-
ity and specificity for all 12 data sets are represented in
Table 5.

As can be seen in Table 5, the FVQIT method is the clas-
sifier that obtains the best average performance for all data
sets, as well as the best sensitivity and specificity. However,
FVQIT does not obtain the best performance in every data set.
Since these data sets are a difficult challenge, obtaining the
best result in average is an important achievement for FVQIT,
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Table 3 Best estimated test
errors (TE), sensitivity (Se),
specificity (Sp) and number of
features selected (NF)

Data set FVQIT SVM NB MLP k-NN C4.5

Brain

TE 0.00 (1) 14.29 (4) 14.29 (4) 28.57 (6) 0.00 (1) 0.00 (1)

Se 100.00 (1) 100.00 (1) 100.00 (1) 0.00 (6) 100.00 (1) 100.00 (1)

Sp 100.00 (1) 83.33 (4) 83.33 (4) 71.43 (6) 100.00 (1) 100.00 (1)

NF 1 45 45 1 1 45

Breast

TE 21.05 (1) 21.05 (1) 26.32 (5) 21.05 (1) 26.32 (5) 21.05 (1)

Se 75.00 (5) 83.33 (1) 83.33 (1) 83.33 (1) 83.33 (1) 66.70 (6)

Sp 85.71 (2) 71.43 (3) 57.10 (5) 71.43 (3) 57.10 (5) 100 (1)

NF 17 119 5 17 5 3

CNS

TE 25.00 (1) 35.00 (3) 25.00 (1) 35.00 (3) 35.00 (3) 35.00(3)

Se 69.20 (3) 71.43 (2) 69.20 (3) 68.75 (6) 69.20 (3) 76.90 (1)

Sp 85.70 (1) 50.00 (4) 85.70 (1) 50.00 (4) 57.10 (3) 42.90 (6)

NF 4 60 4 60 4 47

Colon

TE 10.00 (1) 10.00 (1) 15.00 (3) 40.00 (6) 15.00 (3) 15.00 (3)

Se 80.00 (4) 80.00 (4) 87.50 (1) 50.00 (6) 87.50 (1) 87.50 (1)

Sp 100.00 (1) 100.00 (1) 83.30 (3) 61.11 (6) 83.30 (3) 83.30 (3)

NF 12 12 3 12 3 3

DLBCL

TE 0.00 (1) 6.67 (2) 6.67 (2) 6.67 (2) 6.67 (2) 13.33 (6)

Se 100.00 (1) 100.00 (1) 85.70 (4) 100.00 (1) 85.70 (4) 85.70 (4)

Sp 100.00 (1) 88.89 (4) 100.00 (1) 88.89 (4) 100.00 (1) 87.50 (6)

NF 36 36 36 47 36 2

GLI

TE 10.71 (1) 14.29 (3) 10.71 (1) 17.86 (5) 14.29 (3) 21.43 (6)

Se 85.71 (1) 85.00 (3) 85.71 (1) 78.26 (5) 81.82 (4) 75.00 (6)

Sp 100.00 (1) 87.50 (6) 100.00 (1) 100.00 (1) 100.00 (1) 100.00 (1)

NF 113 23 23 23 122 3

Leukemia

TE 0.00 (1) 2.94 (2) 5.88 (3) 5.88 (3) 8.82 (6) 5.88 (3)

Se 100.00 (1) 100.00 (1) 100.00 (1) 92.86 (5) 100.00 (1) 92.86 (5)

Sp 100.00 (1) 95.24 (2) 90.00 (5) 95.00 (3) 90.00 (5) 95.00 (3)

NF 2 18 18 2 1 2

Lung

TE 0.67 (2) 1.34 (4) 4.70 (5) 0.67 (2) 0.00 (1) 18.12 (6)

Se 100.00 (1) 99.26 (3) 94.80 (5) 99.26 (3) 100.00 (1) 82.80 (6)

Sp 93.75 (4) 93.33 (5) 100.00 (1) 100.00 (1) 100.00 (1) 73.30 (6)

NF 40 40 1 40 40 1

Myelomas

TE 21.05 (2) 21.05 (2) 21.05 (2) 21.05 (2) 29.82 (6) 19.30 (1)

Se 84.00 (1) 81.48 (3) 81.48 (3) 80.36 (6) 82.20 (2) 80.70 (5)

Sp 42.86 (1) 33.33 (2) 33.33 (2) 0.00 (5) 25.00 (4) 0.00 (5)

NF 2 40 2 2 2 2
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Table 3 continued

The rankings are displayed
between parentheses

Data set FVQIT SVM NB MLP k-NN C4.5

Ovarian

TE 0.00 (1) 0.00 (1) 0.00 (1) 0.00 (1) 0.00 (1) 1.19 (6)

Se 100.00 (1) 100.00 (1) 100.00 (1) 100.00 (1) 100.00 (1) 98.10 (6)

Sp 100.00 (1) 100.00 (1) 100.00 (1) 100.00 (1) 100.00 (1) 100.00 (1)

NF 3 3 3 17 3
Prostate

TE 20.59 (1) 73.53 (6) 26.47 (3) 23.53 (2) 26.47 (3) 26.47 (3)

Se 56.25 (2) 26.47 (3) 0.00 (4) 100.00 (1) 0.00 (4) 0.00 (4)

Sp 100.00 (1) 0.00 (6) 100.00 (1) 75.76 (5) 100.00 (1) 100.00 (1)

NF 64 3 2 3 2 2

SMK

TE 25.81 (1) 33.87 (3) 40.32 (6) 32.26 (2) 33.87 (3) 33.87 (3)

Se 78.79 (2) 71.88 (4) 67.85 (6) 89.47 (1) 75.00 (3) 68.42 (5)

Sp 68.97 (1) 60.00 (3) 52.94 (6) 58.14 (5) 58.82 (4) 62.50 (2)

NF 21 3 3 21 21 3

Table 4 Average rankings of
error, sensitivity and specificity
for all data sets

Measure FVQIT SVM NB MLP k-NN C4.5

TE 1.17 2.67 3.00 2.92 3.08 3.50

Sensitivity 1.92 2.25 2.58 3.50 2.17 4.17

Specificity 1.33 3.42 2.58 3.67 2.92 3.00

Table 5 Average ranking of test error (TE), sensitivity (Se) and specificity (Sp) for all data sets

Data set FVQIT SVM NB MLP k-NN C4.5

TE Se Sp TE Se Sp TE Se Sp TE Se Sp TE Se Sp TE Se Sp

Brain 2.1 1.4 2.6 2.3 2.4 2.5 2.9 3.3 2.5 3.7 3.4 3.2 3.9 4.6 3.9 1.3 3.5 1.0

Breast 2.3 2.6 2.4 2.4 2.6 2.8 3.3 3.7 3.7 4.0 4.4 3.9 3.5 3.8 3.6 2.9 2.8 2.9

CNS 1.6 2.2 3.0 2.9 5.4 1.0 4.6 3.8 4.9 3.3 3.5 3.9 2.4 2.8 3.5 2.3 2.6 3.5

Colon 2.0 3.3 2.1 6.0 1.0 6.0 1.4 2.6 1.4 2.0 3.0 2.3 3.5 4.4 3.6 2.0 3.1 2.0

DLBCL 1.4 1.0 1.9 2.1 1.1 2.3 1.7 1.7 1.7 1.4 1.7 1.4 2.7 2.0 3.3 3.6 4.2 3.6

GLI 1.1 1.4 2.2 6.0 6.0 1.0 1.5 1.8 2.9 2.2 2.7 2.5 2.0 2.4 2.8 4.5 4.5 5.9

Leukemia 1.3 2.3 1.3 6.0 1.0 6.0 1.8 3.3 1.4 3.3 2.5 3.8 1.2 2.1 1.6 4.2 5.6 3.9

Lung 1.9 2.3 2.6 4.5 6.0 1.0 2.0 1.2 2.9 2.4 2.1 3.1 2.3 1.8 3.2 5.2 5.0 5.9

Myeloma 3.9 2.5 3.4 1.5 3.3 2.1 5.3 5.5 5.3 1.6 3.5 2.6 4.5 3.1 4.3 2.5 2.6 2.5

Ovarian 2.2 1.3 2.1 1.1 1.2 1.0 3.8 2.0 3.6 1.5 1.5 1.2 4.7 2.3 4.7 2.2 2.0 1.5

Prostate 1.6 2.5 1.9 3.1 1.3 3.9 4.9 4.8 3.4 1.9 3.5 2.4 1.8 3.5 2.6 4.0 4.9 2.9

SMK 3.7 3.8 3.9 1.7 2.7 2.1 2.5 3.0 3.0 4.0 2.4 4.3 3.4 4.1 3.8 3.9 4.8 3.7

Average 2.09 2.22 2.45 3.30 2.83 2.64 2.98 3.06 3.06 2.61 2.85 2.88 2.99 3.07 3.41 3.22 3.80 3.28

especially when comparing it with popular and well-tested
methods such as the ones employed in this work.

In a second step, the results in function of the number of
features are analyzed. Again, the same processing is made, in
such a way that the average ranking of test error, sensitivity
and specificity for all features are represented in Table 6.

From Table 6, it can be observed how the FVQIT classi-
fier outperforms the other methods for all feature numbers
except for 100 features, where it obtains the second best
result, behind MLP. In light of the above, it can be con-
cluded that FVQIT is the most stable classifier because it
obtains good results both with few and many features, in
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Table 6 Average ranking of test error (TE), sensitivity (Se) and specificity (Sp) for all features

Data set FVQIT SVM NB MLP k-NN C4.5

TE Se Sp TE Se Sp TE Se Sp TE Se Sp TE Se Sp TE Se Sp

1 1.7 2.0 1.8 2.9 2.7 2.4 2.4 2.1 2.6 1.9 2.7 2.7 3.6 4.0 3.7 2.3 3.4 2.1

3 2.0 3.1 2.5 2.9 2.9 2.2 2.8 2.8 2.8 2.3 2.7 2.4 3.6 2.9 3.3 2.6 3.6 2.9

5 2.3 1.9 2.6 3.3 3.3 3.1 2.7 3.3 2.8 2.4 3.4 2.4 3.6 3.8 3.8 2.4 3.3 2.8

10 2.3 2.1 2.7 3.3 3.0 2.4 3.0 2.9 3.3 2.8 3.1 3.3 3.2 3.4 3.9 3.2 3.3 3.4

15 2.3 2.8 2.5 3.3 2.9 2.5 3.2 3.3 3.4 2.8 2.7 3.2 3.1 2.7 3.8 3.4 3.2 3.6

20 2.2 2.2 2.6 3.8 2.8 3.2 3.0 3.3 2.8 3.0 3.2 3.2 2.8 2.8 3.3 3.1 3.8 3.1

30 1.8 1.8 2.2 3.3 2.6 2.7 3.3 3.8 3.5 3.2 2.4 3.3 2.6 3.0 3.2 3.7 4.0 3.7

40 2.2 2.4 2.3 3.4 2.8 2.8 2.9 2.8 3.0 2.7 2.7 3.2 2.3 2.7 2.8 3.5 4.2 3.3

50 1.8 1.4 2.6 3.2 2.7 2.5 3.2 3.1 3.2 2.8 3.3 3.2 2.1 2.8 2.6 4.2 5.0 4.1

100 2.3 2.5 2.8 3.5 2.8 2.8 3.3 3.4 3.4 2.1 2.5 2.2 3.1 2.8 3.6 3.8 4.3 3.9

Average 2.09 2.22 2.45 3.30 2.83 2.64 2.98 3.06 3.06 2.61 2.85 2.88 2.99 3.08 3.41 3.22 3.80 3.28

Table 7 Multiclass DNA microarray data sets employed in the exper-
iment

Data set No. of samples No. of features No. of classes

CLL-SUB 74 11,340 3

GCM 144 16,063 14

GLA-BRA 120 49,151 4

Lymphoma 64 4,026 9

TOX 114 5,748 4

Table 8 Number of features selected by the INTERACT filter

Data set No. of features

CLL-SUB 61

GCM 78

GLA-BRA 150

Lymphoma 160

TOX 80

contrast with other classifiers. For instance, k-NN performs
correctly between 15 and 50 features but it does not obtain
good results with smaller numbers (<15) and higher ones
(100). On the other hand, C4.5 performs adequately with
few features but its performance decreases when the number
of features increases. Finally, MLP shows stable behavior
for all the feature numbers (although it is better for few fea-
tures), but, on average, FVQIT performs better. Besides, the
FVQIT method is the most sensitive and specific in average.
For further details, please refer [42].

5 Applications of the multiclass version

The multiclass version of FVQIT has been applied over sev-
eral multiclass microarray gene expression data sets. In this

study, five multiclass DNA microarray data sets have been
chosen. The main characteristics of these data sets are shown
in Table 7. Three of them (CLL-SUB, GLA-BRA and TOX)
have been obtained from the Web site of feature selection
of the Arizona State University [33]. The remaining data
sets (GCM and Lymphoma) are available at the Broad Insti-
tute Cancer Program Data Sets Repository [9]. The methods
compared with FVQIT are: MLP, SVM—note that a one-
versus-all strategy has been used), k-NN, Naive Bayes (NB),
and C4.5.

As can be seen, the multiclass DNA microarray data sets
also present many more features than instances. Therefore,
again, feature selection methods are utilized. For this experi-
ment, the INTERACT filter [57] is applied to those data sets
as a preprocessing step in order to make them manageable.
This filter has been previously utilized with success on binary
microarray data sets [41]. The number of features selected
for each data set is displayed in Table 8. The data sets have
been divided using 2/3 for training and 1/3 for testing. Table 9
shows the estimated test errors (in percentage) for each clas-
sifier and data set.

A tenfold cross validation is performed upon the training
sets in order to choose a good configuration of parameters.
The k in the k-NN method ranges from 1 to 5. The SVM
utilizes a Radial Basis Function kernel and its parameters C
and γ range from 1 to 10,000 and 0.1 to 40, respectively. The
MLP has one hidden layer which contains neurons between
3 and 50. The FVQIT utilizes between 10 and 40 nodes, 100
iterations, initial η between 1 and 5 and η decrement between
0.7 and 0.99.

From Table 9, it can be observed that the FVQIT obtains
the best test errors in four of the five data sets. In Table 10,
a ranking of the performance results for all the compared
methods is shown. The ranking assigns a position between 1
and 6 to each method for each data set. The proposed method
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Table 9 Error committed (%)
by each method on each
multiclass DNA microarray
data set

Classifier CLL-SUB GCM GLA-BRA Lymphoma TOX Average

FVQIT 21.62 45.65 33.33 12.50 12.28 26.41

k-NN 29.73 54.35 41.67 15.63 22.81 32.84

Naive Bayes 27.03 50.00 36.67 40.63 26.32 36.13

SVM 37.84 73.91 48.33 25.00 15.79 40.17

MLP 45.95 39.13 35.00 43.75 38.60 40.49

C4.5 43.24 63.04 55.00 46.88 52.63 52.16

Table 10 Ranking for each
method on the comparative
study of multiclass DNA
microarray data sets

Classifier CLL-SUB GCM GLA-BRA Lymphoma TOX Average

FVQIT 1st 2nd 1st 1st 1st 1.2

Naive Bayes 2nd 3rd 3rd 4th 4th 3.2

k-NN 3rd 4th 4th 2nd 3rd 3.2

MLP 6th 1st 2nd 5th 5th 3.8

SVM 4th 6th 5th 3rd 2nd 4

C4.5 5th 5th 6th 6th 6th 5.6

is clearly preferable, as it obtains an average ranking of 1.2
as opposed to the ranking of 3.2 of the second classifier.

6 Conclusions

In this paper, a local classifier based on ITL is presented. The
classifier is able to obtain complex classification models via
a two-step process that first defines local models by means
of a modified clustering algorithm and, subsequently, several
one-layer neural networks, assigned to the local models, con-
struct a piecewise borderline between classes. Two versions
of the method are detailed: binary (two-class problems) and
multiclass. Using the divide-and-conquer approach, it has
been shown that the proposed method is able to successfully
classify complex and unbalanced data sets, high-dimensional
data samples and/or features, achieving good average results.
Several experiments have been performed over the complex
domains of intrusion detection and microarray gene expres-
sion. The intrusion detection data set employed is KDD Cup
99. It is very large (5 million samples), highly unbalanced
and has 41 features. The most important contribution of the
method is the considerable reduction in the number of false
positives (an important measure in this field of application),
with a considerable reduction in the number of features used
(6 vs. 41) in comparison with the KDD Winner and the results
obtained by other authors. On the other hand, the microarray
data sets have a large amount of features (thousands or tens
of thousands) but very few samples (tens or hundreds), which
is a difficult challenge for most machine learning methods.
In this case, the method has been compared with several

state-of-the-art classifiers, achieving the best average val-
ues of all the performance measurements used, exhibiting
an important difference with the second best method, both
in the binary and the multiclass experiments. Furthermore,
as different feature selection methods can select different
features, the stability of the proposed method has also been
tested for different ranges of features, again showing the best
behavior compared with the other classifiers.
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