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Abstract Gene expression detection is a key bioinformatic problem which has been
tackled as a classification problem of microarray gene expression, obtained by the light
reflection analysis of genomic material. A typical microarray dataset may contain thousands
of genes but only a small number of patterns (often less than two hundred). When the data-
set presents these kinds of characteristics, state-of-the-art classification models show a high
lack of performance. A two-stage algorithm has been proposed to successfully address the
problem of microarray classification. In the first stage, two filter algorithms identify salient
expression genes from thousands of genes. In the second stage, the proposed methodology
is performed using selected gene subsets as new input variables. The methodology proposed
is composed of a combination of Logistic Regression (LR) and Evolutionary Generalized
Radial Basis Function (EGRBF) neural networks which have shown to be highly accurate in
previous research in the modeling of high-dimensional patterns. Finally, the results obtained
are contrasted with nonparametric statistical tests and confirm good synergy between EGRBF
and LR models.
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1 Introduction

The analysis of Deoxyribo Nucleic Acid (DNA) allows researchers to explore the seeds of
life. It has also shown how the composition of their sequences produces changes in the phe-
notype of living organisms. An important technique for analyzing the expression of genetic
material is microarray dataset analysis.

A microarray dataset contains the data of intense light reflected on genetic material. The
microarray production process is composed of different steps, roughly described as: target
preparation, hybridization, slide scanning, data analysis and expression profile clustering.
This process converts DNA sequences into light intensity value records, labeled in certain
classes. During the microarray creation process, the genetic material of dissimilar laboratory
tissue patterns undergoes the above processes. In the final stage, the process yields a sheet
of pre-processed genetic material which is excited by laser. Then the image is gridded with
a template and the intensities of the features (several pixels make up a feature) are quan-
tified. Later the raw data is normalized and the dataset is elaborated. The resultant dataset
has a great number of features whose classification cannot be managed by state-of-the-art
algorithms due to the great dimension of the problem. This paper evaluates an alternative for
handling microarray datasets, combining feature selection with a novel neurologistic method
to improve the classification performance of these genomic datasets.

Our proposal is a combination of the Evolutionary Generalized Radial Basis Function
(EGRBF) and Logistic Regression(LR) methods. The LR methods, apply a logit function to
the linear combination of input variables. The coefficient values of each input variable are
estimated by means of the Iterative Reweighted Least Square (IRLS) algorithm. Roughly, the
methodology is divided into three steps. Firstly, an Evolutionary Algorithm (EA) is applied
to estimate the parameters of the GRBF. Secondly, the input space is increased by adding the
nonlinear transformation of the input variables given by the GRBFs of the best individual in
the last generation of the EA. Finally, the LR algorithm is applied in this new covariate space.
The first two steps are devoted to exploring the model parameter space, and to obtaining a
promising initial solution. After that, the IRLS algorithm (exploiter algorithm) is performed
to estimate the final parameters of the model, in a way similar to how hybrid algorithms
perform [2]. It is important to note that a first proposal of a combination of neural networks
and LR is given in two recent studies [19,20]. The model is based on the hybridization of a
linear multilogistic regression model and a nonlinear Product Unit Neural Network (PUNN)
model for binary and multiclass classification problems. This paper considers GRBFs (which
are local approximators) for the nonlinear part of the model, while the previously proposed
method is based on Product Units (PUs) (which are global approximators).

RBFs are widely used in real life problems involving face detection [21], channel equal-
ization [24], or predictive microbiology [9]. Due to the known ability of RBF to fit vari-
able interactions, some theoretical advances have been proposed to train models based on
RBFs [15,23,32,33]. However, the Standard Gaussian RBF (SRBF) has some drawbacks.
For example, it decreases its performance when dimensionality grows. In high dimensional
space, the patterns are concentrated far from the cluster center [13], making SRBF assign
similar belonging values to these patterns. However, the novel RBF analyzed (GRBF) also
adds a τ shape parameter to SRBF. This parameter allows the curvature to adapt, making
the GRBF assign significantly different activation values to the patterns located near the
boundaries of the cluster.

The original formulation of the GRBF [13] presents two problems: the first one, inherited
from SRBF, is that radii variation produces changes in the curvature of the basis func-
tions. The second one, concerns the fact that the same modification in the exponent leads to
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different curvatures values, depending on the original value of the exponent. To tackle these
two problems, a reformulation of the GRBF is proposed in sections of this paper.

To avoid dimensionality problems, two feature selectors are applied in the preprocessing
stage: the Fast Correlation-Based Filter [31] (FCBF) and Best Agglomerative Ranked Sub-
set [27] (BARS). The motivation for applying feature selection techniques has shifted from
being optional to becoming a real prerequisite for model building. Theoretically, having more
genes should give us more discriminating power. However, this can cause several problems:
increased computational complexity and cost; too many redundant or irrelevant genes; and
estimation degradation in the classification error. The resulting datasets have fewer features
(between 150 and 250 features) but can still be seen as datasets of high dimensionality. There-
fore, these datasets have been considered adequate to assess the effectiveness of our proposal.

This paper is organized as follows: Sect. 2 formally presents the GRBF model considered
in this work. Section 3 describes a reformulation of the original GRBF. Section 4 introduces
the neurologistic model used in this paper. Afterwards, the neurologistic model-fitting pro-
cess is described in Sect. 5. Section 6 describes the experiments carried out and discusses the
results obtained. Finally, Sect. 7 completes the paper with the main conclusions and future
directions suggested by this study.

2 Generalized Radial Basis Function

The original Generalized Radial Basis Function (GRBF) was proposed by Francois [13].
Recently different approaches have been introduced to estimate the parameters of this novel
model [5,12]. The GRBF is defined by replacing the square power in the exponent of the
SRBF by the τ parameter:

B j (x, w j ) = exp

(
−

(∥∥x − c j
∥∥

r j

)τ j
)

, (1)

where w j = (c j , r j , τ j ), c j = (c j1, c j2, . . . , c jk) is the center of the cluster represented
by j-th GRBF transformation, r j is the corresponding radii or standard deviation, τ j is the
exponent of the basis function, and c ji , r j , τ j ∈ R. Figure 1 presents the activation for the
GRBF with different values of τ . The incorporation of the τ parameter causes the contrac-
tion-relaxation of the GRBF curvature. Thanks to the additional τ parameter, the GRBF can
define more accurately the membership of the patterns that are located near the decision
boundary between clusters. In particular GRBFs have been analyzed in high-dimensional
problems. Then we will justify why these basis functions are especially accurate in this kind
of problems.

One problem in high dimensional spaces is that of distances concentrate: the range of
possible distances is not fully spanned anymore, and most of the patterns are very far from
one another [3]. Figure 2 illustrates this situation for a set of 200 patterns drawn from normal
distribution, in a two-dimensional space on the left and in a 100-dimensional space on the
right. For the two-dimensional case, distances exist in the whole possible [0, 4] range, while
in dimension 100, only a very small part of the histogram is filled, mostly with great distances
(in the range [8, 12]). Therefore, the probability of finding patterns near the center, when the
dimension is high, is almost zero.

Additionally, the problem of the concentration of distances is justified by taking into
account that the probability density function of finding a point at distance q from the center
of the distribution is given by [13]:
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Fig. 1 GRBF activation in one-dimensional space with c = 0 and r = 1 for different τ values
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Fig. 2 Illustration of the concentration of distances effect for a set of normally distributed patterns: histogram
of the pairwise distances between normally drawn patterns, in dimension 2 (left) and 100 (right)

f (q, d) = qd−1

2(d/2)−1
· e−q2/2

�(d/2)
(for σ = 1, q > 0 and d > 0), (2)

where d is the data dimension. Figure 3a represents the probability density function of finding
a point from a normal distribution at a distance q for d = 2 and 100, respectively. Addi-
tionally, Fig. 3b shows a graphic illustration of why GRBF quantifies similarities better than
the SRBF in high dimensional spaces: red and cyan lines represent SRBFs centered at the
origin with r = 1.6 and 10.6 respectively and the magenta line shows a GRBF centered at
the origin with τ = 13 and r = 10.6. As can be observed in Fig. 3b when d = 2, the SRBF
shows its ability to fit distance distribution, assigning membership values in the interval [0, 1]
(see red line); however when d = 100, the SRBF assigns membership values in the interval
[0.27, 0.57] (see cyan line) because for this dimension the SRBF needs a high value of r to
include these patterns. The problem is that the SRBF has a slightly pronounced curvature
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Fig. 3 RBF values as a function of the distance to their centers for two space dimensions (d = 2 and 100),
along with the distribution of distances for normally distributed data ( f (q, d))

when it has a high value of r . On the other hand, the GRBF assigns membership values in
the interval [0, 1] even in high dimensional spaces (see magenta line). In our opinion, this
justifies considering GRBF as a suitable kernel for quantifying similarity in high dimensional
spaces.

However, the original formulation of the GRBF based on the τ parameter has some draw-
backs in that the same variation in the τ value produces different effects on the GRBF
curvature. Figure 1 shows that an increase of 0.5 in the τ value (�τ = +0.5) when τ = 1
produces a significant variation in the GRBF curvature, although when τ = 3, an increase
of 0.5 barely modifies GRBF curvature.

Furthermore, the τ parameter causes different curvatures for different GRBF radii values.
This instability on the contraction-relaxation of the GRBF for different r values makes the
convergence very difficult when using stochastic or gradient-based algorithms to directly
optimize the τ value.

3 Our Proposal: Reformulation of the Generalized Radial Basis Function

Because of the drawbacks of the original formulation of the GRBF, we propose the refor-
mulation of the GRBF τ parameter as a function compounded by the radii and the α angle
formed by the x-axis with the tangent to the GRBF at the point where x = r (Fig. 4).

The reformulation of the GRBF, from the α angle (Fig. 4), is obtained as follows: firstly,
we derive the GRBF with respect to the input variable (c = 0):

∂ B j (x, w j )

∂x
= −e−( x

r )τ · τ · xτ−1 · r−τ . (3)

Secondly, the derivative at the point x = r is calculated

tan(β) = ∂ B j (x, w j )

∂x
(x = r) = − τ

e · r
. (4)

Finally, taking into account that tan(α) = − tan(β) (Fig. 4) and that the derivative of the
GRBF with respect to the input variable in the point x = r is equal to tan(β), the α angle is
determined as:
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Fig. 4 GRBF according to the new α parameter for a one dimensional input space
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Fig. 5 GRBF representations in terms of α and their equivalent τ value

α = arctan
( τ

e · r

)
. (5)

Therefore, the reformulated GRBF is expressed as:

B j (x, w j ) = exp

(
−

∥∥x − c j
∥∥

r j

)e·r j ·tan α j

. (6)

Thus, interesting behavior achieved with this reformulated model is the ability to vary the
magnitude of the radii keeping the basis function curvature. This effect can be observed in
Fig. 5 where two GRBF (red and green lines) are represented in terms of the α parameter with
the same value of α = 0.97 and different radii values. However, using the original GRBF
formulation, a modification in the r value maintaining the τ value constant causes variations
in the curvature (red and blue lines, from α = 0.97 to 0.24).

4 Neuro-Logistic Models

In the classification problem, some measurements xi , i = 1, 2, . . . , k are taken on a single
pattern, and the patterns are classified into one of J populations. The measurements xi are
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random observations from these J classes. Let D = {(xn, yn); n = 1, 2, . . . , N } be a training
dataset, where xn = (x1n, . . . , xkn) is the vector of measurements taking values in 	 ⊂ R

k ,
and yn is the class level of the n-th individual. The common technique of representing the
class levels using a “1-of-J” encoding vector is adopted, y = (

y(1), y(2), . . . , y(J )
)
, such as

y(l) = 1 if x corresponds to an example belonging to class l and y(l) = 0 otherwise.
Logistic model supposes that the conditional probability that x belongs to class l verifies:

p
(

y(l) = 1
∣∣ x, θl

)
> 0, l = 1, 2, . . . , J, x ∈ 	, and sets the function:

fl(x, θl) = log
p

(
y(l) = 1

∣∣ x, θl
)

p
(

y(J ) = 1
∣∣ x, θl

) , (7)

whereθl is the weight vector corresponding to class l, and f J (x, θJ ) = 0. Under a multinomial
logistic regression, the probability that x belongs to class l is then given by:

p
(

y(l) = 1
∣∣∣ x, θ

)
= exp fl (x, θl)

1 + ∑J−1
j=1 exp f j

(
x, θ j

) , l = 1, 2, . . . , J, (8)

where θ = (θ1, θ2, . . . , θJ−1). The hybrid Neuro-Logistic models are based on the combi-
nation of the standard linear model and nonlinear terms constructed with GRBFs, which
captures possible locations in the input space. The general expression of the model is
given by:

fl(x, θl) = αl
0 +

k∑
i=1

αl
i xi +

m∑
j=1

βl
j B j (x, w j ) (9)

where l = 1, 2, . . . , J − 1, θl = (αl , βl , W) is the vector of parameters for each discrim-
inant function, αl = (αl

0, α
l
1, . . . , α

l
k) and βl = (

βl
1, . . . ., β

l
m

)
are the coefficients of the

multilogistic regression model, W = (w1, w2, . . . , wm) are the parameters of the nonlinear
transformations and B j (x, w j is the GRBF (described in Sect. 2)).

5 Estimation of Neuro-Logistic Parameters

In the supervised learning context, the components of the weight vectorsθ=(θ1, θ2, . . . , θJ−1)

are estimated from the training dataset D. To perform the maximum likelihood estimation
of θ, one can minimize the negative log-likelihood function:

L(θ) = − 1

N

N∑
n=1

J∑
l=1

(
yl

i log p
(

y(l)
n = 1

∣∣∣ xn, θ

))

= 1

N

N∑
n=1

[
−

J∑
l=1

y(l)
n fl(xn, θl)+ log

J∑
l=1

exp fl(xn, θl)

]
, (10)

where fl(x, θl) corresponds to the hybrid model defined in (9) and p
(

y(l) = 1
∣∣ xn, θ

)
cor-

responds to the conditional probability defined in (8).
The methodology proposed tries to maximize the log-likelihood function where classical

gradient methods are not recommended due to the convolved nature of the error function. It is
based on the combination of an Evolutionary Programming algorithm (EP) (global explorer)
and a local optimization procedure (local exploiter) carried out by the standard maximum
likelihood optimization method.
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In this paper, the MultiLogistic algorithm has been considered for obtaining the
maximum likelihood solution for the neuro-logistic models, available in the WEKA1 work-
bench [30]. The MultiLogistic algorithm builds a multinomial logistic regression with a ridge
estimator to prevent overfitting by penalizing large coefficients. This model is trained with a
Quasi-Newtonian Method [16].

The estimation of the model coefficients is divided into three steps.

Step 1 We apply an Evolutionary Programming (EP) algorithm to find the basis functions:

B(x, W) = {B1(x, w1), B2(x, w2), . . . , Bm(x, wm)} , (11)

corresponding to the nonlinear part of f (x, θl). We have to determine the number of basis
functions m and the weight matrix W = (w1, w2, . . . , wm).

The weight matrix W, the parameters of the output layer (β vector) and the structure of the
GRBF are estimated by means of an evolutionary neural network algorithm that optimizes
the error function given by the negative log-likelihood for N observations associated with
the neural network model (see Eq. 10). The specific details of this EP algorithm can be found
in some previous works [10,11].

As discussed previously, the model introduces a new parameter, the α angle, which has to
be estimated during the evolutionary process. In the initialization step of the EP, the α angle
of each basis function is initialized as α = arctan

( 2
e·r

)
(Eq. 5). This expression allows the

whole basis function to be initialized with τ = 2 since the GRBF for τ = 2 reproduces the
SRBF.

On the other hand, the parametric mutator modifies the α parameter of each basis func-
tion by adding a random uniform ζ value in the interval [−1, 1] radians. Finally, when the
structural mutator adds a new GRBF hidden node, it is included in the model with a τ = 2.
Therefore, the α angle is set to α = arctan

( 2
e·r

)
.

We only consider the estimated weight matrix Ŵ = (ŵ1, ŵ2, . . . , ŵm), which builds
the basis functions. The values for the β vector are updated during the EA but the final
configuration will be determined in step 3 together with those of the α coefficient vector.

Finally, it is important to bear in mind that the “perfect multicollinearity” problem occurs
when one input variable takes a constant value in all observations. When this problem appears,
multinomial logistic regression performance suffers drastically. As discussed above, this
approach adds the GRBFs of the best neural network model in the EP algorithm as new
covariates. Due to the problem of perfect multicollinearity in multinomial logistic regression
methods, the validity of each GRBF is checked four times in the EP. When the difference
between the maximum and minimum activation values of the GRBF hidden node is lower
than 0.05, this basis function is removed. To compensate the removal of the GRBF, the bias
values of each output neuron that this basis function is connected to are incremented using
the following expression:

α
j ′
0 = α

j
0 + max (Bh(x, wh)) + min (Bh(x, wh))

2
· β

j
h (12)

where j is the index of the output neuron, h is the index of the GRBF hidden node to be

deleted, α
j
0 and α

j ′
0 are the bias of j-th output neuron before and after the removal of the

GRBF, max (Bh(x, wh)) and min (Bh(x, wh)) are the maximum and minimum activation
values of the h-th GRBF using the training set and β

j
h is the link weight from the selected

1 http://www.cs.waikato.ac.nz/ml/weka/.
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node to be deleted, to the j-th output function. The algorithm’s computational cost is reduced
because the elimination of hidden nodes implies that less operations needs to be computed
during the EP.

Step 2 We consider the following transformation of the input space by including the non-
linear basis functions obtained by the EP algorithm in step 1:

H : R
k → R

k+m, (x1, x2, . . . , xk) → (x1, x2, . . . , xk, z1, . . . , zm), (13)

where z1 = B1(x, ŵ1), . . . , zm = Bm(x, ŵm).

Step 3 In the third step, we minimize the negative log-likelihood function for N observa-
tions:

L(α, β) = 1
N

N∑
n=1

[
−

J∑
l=1

y(l)
n (αlxn + βlzn)+ log

J∑
l=1

exp(αlxn + βlzn)

]
, (14)

where xn = (1, x1n, . . . , xkn) and zn = (z1n, . . . , zmn). Now, the Hessian matrix of the neg-
ative log-likelihood in the new variables x1, x2, . . . , xk, z1, . . . , zm is semi-definite positive.
The estimated coefficient vector θ̂ = (α̂, β̂, Ŵ) determines the model of (9) with B j (x, w j )

defined as (1).

In this final step, the logistic regression algorithm has been used for obtaining the param-
eter matrix θ. Moreover, two different versions of the hybrid neuro-logistic models have
been considered: LR models with only the non-linear part, i.e. the model does not include
the initial covariates of the problem (βlzn), and LR models with both the linear and the
non-linear part (αlxn + βlzn). The combined application of the logistic regression algorithm
with the evolutionary algorithms with and without out initial covariates results into three dif-
ferent methods: Evolutionary Generalized Radial Basis Function (EGRBF), MultiLogistic
regression with EGRBFs (MLEGRBF), and MultiLogistic Including covariates and EGRBFs
(MLIEGRBF).

6 Experiments

6.1 Datasets Description

To validate the effectiveness of our method, a series of experiments were performed on six
publicly available gene microarray datasets. They are often used to validate the performance
of the classifier and gene selector. Due to high dimensionality and small sample size, gene
selection is an essential prerequisite for further data analysis. There are brief descriptions
given below.

Breast consists of 97 patterns collected from breast cancer patients. 46 of them are from
patients labeled as relapse, the rest of the 51 patterns are from patients who remain healthy
from the disease and are regarded as non-relapse. Each sample is described by 24,481 genes.

CNS (central nervous system) is derived from patient patterns in embrional tumors of the
central nervous system. The total number of genes to be tested is 7,129 and the number of
patterns is 60. There are two types of patterns in the dataset, where 21 are survivors (those
who survive the treatment) and 39 are failures (who succumbed to the disease).

Colon uses Affymetrix oligonucleotide arrays to monitor expression levels of over 6,500
human genes from 40 tumor and 22 normal colon tissue patterns. The 2,000 genes with the
highest minimal intensity across the 62 tissues were used in this analysis.
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Table 1 Characteristics of the six datasets used for the experiments

Dataset Source Genes FS Size R B N #In #Out NPC [Mmin, Mmax] Gen

Breast [28] 24481 BARS 97 183 – – 183 2 (46,51) [1, 3] 100

FCBF 493 – – 493

CNS [25] 7129 BARS 60 187 – – 187 2 (21,39) [1, 3] 10

FCBF 170 – – 170

Colon [1] 2000 BARS 62 58 – – 58 2 (40,22) [1, 3] 10

FCBF 59 – – 59

Leukemia [17] 7129 BARS 72 225 – – 225 2 (42,25) [1, 3] 50

FCBF 203 – – 203

Lung [4] 12600 BARS 203 237 – – 237 5 (139,17,6,21,20) [5, 8] 100

FCBF 250 – – 250

Gcm [26] 16063 BARS 253 311 – – 311 14 (11,10,11,11,22, [25, 28] 400

FCBF 264 – – 264 11,11,11,20)

Leukemia refers to the primary disorders of bone marrow. This dataset contains 72 patterns
with malignant neoplasms of hematopoietic stem cells, of which 47 are acute lymphobastic
leukemia (ALL) and 25 acute myeloid leukemia (AML). The total number of genes to be
tested is 7,129.

Lung has 12,600 genes in 203 patterns. The 203 patterns consist of 139 lung adenocar-
cinomas (AD), 21 squamous (SQ) cell carcinoma cases, 20 pulmonary carcinoid (COID)
tumors and 6 small cell lung cancer cases (SCLC), as well as 17 normal lung (NL) patterns.

GCM contains 190 patterns. These patterns are divided into 14 varieties of tumor. The
expression levels of 16,063 genes are reported.

As we discussed above, the motivation for applying feature selection (FS) techniques has
shifted from being optional to becoming a real prerequisite for model building. In this work,
to avoid dimensionality problems, two feature selectors are applied: Fast Correlation-Based
Filter [31] (FCBF) and Best Agglomerative Ranked Subset [27] (BARS), to obtain relevant
features and to remove redundancy. These features are considered input variables in the
neuro-logistic models proposed in this paper.

Table 1 shows the characteristics of the six datasets used for the experiments: the original
number of genes (Genes), feature selection type (F S), number of instances (Size), number of
Real (R), Binary (B) and Nominal (N) input variables, total number of inputs (#In.), number
of classes (#Out.), number of patterns per-class (NPC), minimum and maximum number of
hidden nodes used for each dataset ([Mmin, Mmax]) and number of generations (#Gen.).

In these six microarray datasets, all gene expression values are numeric. For convenience
sake, we did a simple linear rescaling of the input variables over the interval [−2, 2], with X∗

i
being the transformed variables, after feature selection. In this work, the GRBFs combine
the input variables via the Euclidean distance function. The contribution of an input variable
will depend heavily on its variability with respect to other input variables. If one input has
a range of 0–1, while another input has a range of 0–1,000, then the contribution of the
first input variable to the distance will be swamped by the second input variable. So it is
essential to rescale all the input variables at the same interval in order for each variable to be
equally important. Finally, the rescaling interval was [−2, 2] in order to consider symmetric
probability distributions with zero mean.
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6.2 Experimental Framework

Different state-of-the-art statistical and artificial intelligence algorithms have been
considered for the purpose of comparison. Specifically, the results of the following algo-
rithms have been compared to the methodologies presented in this paper:

1. Baseline classifiers non-related with the proposal:

(a) The C4.5 classification tree inducer [22].
(b) The AdaBoost.M1 algorithm [22], using C4.5 as the base learner and the maximum

number of iterations set to 100 iterations (Ada(C4.5)).
(c) A Multilayer Perceptron (MLP) [22] with sigmoid units as hidden nodes, obtained

by means of the backpropagation algorithm.

2. Baseline classifiers related with the proposal:

(a) A Gaussian Radial Basis Function Network (RBFN) [30], deriving the centres and
widths of hidden nodes using k-means, and combining the outputs obtained from
the hidden layer using logistic regression.

(b) The MultiLogistic (MLogistic) algorithm. It is a method for building a multinomial
logistic regression model with a ridge estimator to guard against overfitting by
penalizing large coefficients [6].

(c) The SimpleLogistic (SLogistic) algorithm. It is based on applying LogitBoost
algorithm with simple regression functions and determining the optimum number
of iterations by a five fold cross-validation [22].

(d) The Logistic Model Tree (LMT) [22] classifier.
(e) The Support Vector Machine (SVM) classifier [29] with RBF kernels.

These algorithms have been selected because they are closely related to our proposal.
The four first methods are based on logistic regression approaches and the last one is
related to our methodologies from a structural point of view. Many of these approaches
have also been tested before in the classification problem on microarray gene expression.
The detailed description and some previous results of these methods can be found in
[18,22,30].

All the parameters used in the EA except the maximum and minimum number of RBFs in
the hidden layer ([Mmin, Mmax]) and the number of generations (#Gen) have the same values
in all problems analyzed below (Table 1). The connections between hidden and output layer
are initialized in the [−5, 5] interval (i.e. [−I, I ] = [−5, 5]). The size of the population is
N = 500. For the structural mutation, the number of nodes that can be added or removed is
within the [1, 2] interval, and the number of connections to add or delete in the hidden and
the output layer during structural mutations is within the [1, 7] interval.

For the selection of the SVM hyperparameters (regularization parameter, C , and width of
the Gaussian functions, γ ), a grid search algorithm has been applied with a ten-fold cross-
validation, using the following ranges: C ∈ {2−5, 2−3, . . . , 215} andγ ∈ {2−15, 2−13, . . . , 23}.

The experimental design was conducted using a holdout cross validation procedure with
3n/4 instances for the training dataset and n/4 instances for the generalization dataset. The
evaluation of the different models has been performed using the Correctly Classified Rate
(CC R) or accuracy measure. In order to evaluate the stability of the methods, the evolution-
ary algorithm was run 30 times. Finally, the EA and the neuro-logistic model proposed were
implemented in JAVA. We also used “libsvm” [7] to obtain the results of the SVM method,
and WEKA to obtain the results of the remaining methods.
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6.3 Analysis of Results

This section analyzes the results obtained. Specifically, we check the performance (mean
accuracy value from the 30 executions of each dataset) of the neuro-logistic approaches and
the single accuracy of the other five related methodologies.

In Table 2, the mean and the standard deviation of the correct classification rate in the gen-
eralization set (CG ) is shown for each dataset and a total of 30 executions. From the analysis of
the results, it can be concluded, from a purely descriptive point of view, that the MLIEGRBF
methodology yields the best mean (CG = 91.08%) and ranking (RCG = 2.08) in CG.

To determine the statistical significance of the rank differences observed for each method
in the different datasets, we have carried out a non-parametric Friedman test [14] with the
ranking of CG of the best models as the test variable (since a previous evaluation of the
CG values results in rejecting the normality and the equality of variances’ hypothesis). The
test shows that the effect of the method used for classification is statistically significant at
a significance level of 10%, as the confidence interval is C0 = (0, F0.10 = 1.65) and the
F-distribution statistical values is F∗ = 4.25 /∈ C0 for CG. Consequently, we reject the
null-hypothesis stating that all algorithms perform equally in mean ranking.

Based on this rejection, the Holm post-hoc test is used to compare all classifiers to each
other. Holm test is a multiple comparison procedure that considers a control algorithm and
compares it with the remaining methods [8]. The test statistics for comparing the i-th and
j-th method using this procedure is:

z = Ri − R j√
k(k+1)

6N

, (15)

where k is the number of algorithms and N the number of dataset. The z value is used to find
the corresponding probability from the table of normal distribution, which is then compared
with an appropriate level of confidence α. Holm’s test adjusts the value for α in order to
compensate for multiple comparison. Holm’s test is a step-up procedure that sequentially
tests the hypotheses ordered by their significance. We will denote the ordered p-values by
p1, p2, . . . , pk so that p1 ≤ p2 ≤ · · · ≤ pk−1. Holm’s test compares each pi with α/(k − i),
starting from the most significant p value. If p1 is below α/(k − 1), the corresponding
hypothesis is rejected and we allow to compare p2 with α/(k − 2). If the second hypothesis
is rejected, the test proceeds with the third, and so on. As soon as a certain null hypothesis
cannot be rejected, all the remain hypotheses are retained as well.

The results of the Holm test for α = 0.10 can be seen in Table 2, using the corresponding
p and α′

Holm values. From the results of this test, it can be concluded that the MLIEGRBF
methodology obtains a significantly higher ranking of CG when compared to the remaining
methods, which justifies the proposal.

7 Conclusions

In this paper, the combination of Evolutionary Generalized Radial Basis Function (EGRBF)
and Logistic Regression (LR) methods is analyzed to tackle classification problems. The
proposed methodologies are compared to five state-of-the-art algorithms using six micro-
array gene expression datasets. The nonparametric Holm test indicated that our approach
outperformed other methods using accuracy as the test variable. From these results, we can
conclude that the combined effect of LR and EGRBF is greater than the average of their
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individual effects, demonstrating the good synergy between these two techniques. Finally,
this approach is presented by the scientific biology community as a competitive alternative
to classify provided datasets.
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