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Abstract—In this paper, a twofold approach to improve the
performance of genetic algorithms (GAs) in the feature selection
problem (FSP) is presented. First, a novel genetic operator is
introduced to solve the FSP. This operator fixes in each itera-
tion the number of features to be selected among the available
ones and consequently reduces the size of the search space. This
approach yields two main advantages: a) training the learning
machine becomes faster and b) a higher performance is achieved
by using the selected subset. Second, we propose using the Walsh
expansion of the FSP fitness function in order to perform ranking
on the problem features. Ranking features have been traditionally
considered to be a challenging problem, especially significant in
health sciences where the number of available and potentially
noisy signals is high. Three real biological datasets are used to test
the behavior of the two approaches proposed.

Index Terms—Diabetes mellitus, feature selection, filter
methods, genetic algorithms, thrombin binding, unstable angina,
wrapper methods.

I. INTRODUCTION

THE FEATURE selection problem (FSP) is an open issue
in machine learning, which basically consists of finding

a subset of input features that describes the underlying system
structure as well or better than all available features. There is
a more general problem, known as feature extraction problem
(FEP) [1], in which one has to construct a few features that en-
code all of the information contained in the available original
ones; the FSP is, in fact, a particularization of this problem,
which we focus on in this paper.

In fact, before building a model, the most significant predic-
tors must be selected; otherwise, insignificant features could be-
come noise and alter its performance, thus producing an unrea-
sonable outcome. This is especially true when the number of
available input variables is large, and exhaustive search through
all combinations of features is computationally infeasible. This
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fact is intimately related to the curse of dimensionality, and its
Hughes attendant [2], given that a huge number of features in-
duces a computational expensive learning process [3] and, in
turn, this produces suboptimal models due to the quality of data
used. These are certainly main issues to be addressed and a fea-
ture selection stage is a common choice.

The relevance of the FSP appears when the given features are
used to explain the achieved results. This relates to that, in some
applications such as bioinformatics or health sciences, being
able to explain the obtained solution (in terms of the selected
input features) becomes as relevant as obtaining the best pos-
sible answer (accuracy of the subsequent classifier or regressor).
In medical or bioinformatics applications, the feature selection
is also relevant because data are usually very scarce compared
to the number of features (even order of magnitudes) and, there-
fore, overfitting will probably occur, significantly reducing the
performance of the system [4], [5].

The search for the best features out of the available
is known to be an NP-complete problem (it cannot be solved
in polynomial time unless that ) [6] and the number
of local minima can be quite large. Many methods have
been used for solving the FSP: pruning methods for neural
network [7]–[10]; mutual information techniques [11], [12];
incremental learning [13]; principal/independent component
analysis [14], [15] classification trees [16]; self-organizing
maps [17]; fuzzy clustering [18]; etc. Nevertheless, following
a general taxonomy, feature selection can be divided into two
major categories: filter methods [19] and wrapper [4] methods.
The former use an indirect measure of the quality of the selected
features, so a faster convergence of the algorithm is obtained.
On the other hand, wrapper methods use as selection criteria
the output of the learning machine. This approach guarantees
that in each step of the algorithm, the selected subset improves
the performance of the previous one. Filter methods might
fail to select the right subset of features if the used criterium
deviates from the one used for training the learning machine,
whereas wrapper methods can be computationally intensive
since the learning machine has to be retrained for each new set
of features.

In this paper, we use genetic algorithms (GAs) [20] in order
to solve the FSP. GAs, under certain conditions, are able to find
the global optimum of a multiple local-minima problem, and
have already been used to solve the FSP as a filter [21], [22] and
a wrapper [4] method, obtaining good results in the number of
selected features and in the overall performance of the classifier.
However, for large dimensional problems, as the ones encoun-
tered in bioinformatics, the GA approach has failed to converge
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or, if it does, its performance has been poor when compared to
other methods. In order to alleviate these problems, we present
a twofold strategy to improve performance of GAs in the FSP:

• The -features operator. First, we present a novel oper-
ator that it is able to reduce the size of the search space.
This operator will force the number of selected features
to remain constant in each iteration, which allows to se-
lect a specific number of features beforehand. This has
several additional advantages: first the algorithm will con-
verge faster, and second, the operator can be used both
over filter or wrapper methods.

• Feature ranking using the Walsh expansion of the GA fit-
ness function. Second, we propose the use of a modified
spectrum [23] of the FSP fitness function, which is derived
from its Walsh expansion [24]. This measure will allow us
to perform a ranking of the available features and, conse-
quently, to gain knowledge in the problem by identifying
relevant or meaningless features.

We have applied these procedures in three relevant medical
and bioinformatics problems. The first one is the so-called
thrombin binding problem for drug discovery, which was used
in the Knowledge Discovery and Data Mining (KDD) Cup
2001. The second problem is related to a relevant issue in
coronary diseases: the prognosis of mortality risk in patients
who suffer from unstable angina. The third problem deals with
the discrimination of patients with signs of diabetes according
to World Health Organization criteria.

The rest of the paper is organized as follows. We describe the
FSP in detail in Section II. In Section III, we review the GAs
and the Walsh Analysis to study the spectrum of a GA fitness
function. The operator used to fix the number of selected fea-
tures is detailed in Section IV, along with the modified spectrum
for ranking features. Section V is devoted to show, by means
of computational experiments over biological data, the results
achieved with the proposed modifications. We close the paper
in Section VI by providing some concluding remarks.

II. FEATURE SELECTION PROBLEM

The FSP in a learning from samples scheme can be ad-
dressed as follows. Given a set of labeled data points

, where and ,
choose a subset of features , that achieves the
lowest classification error. Following [6], we will define
the FSP as finding the optimum -column vector , where

, that defines the subset of selected features, is
found as

(1)

where is a loss functional, is the unknown proba-
bility function the data were sampled from and we have defined

. The function is the
classification engine that is evaluated for each subset selection

and for each set of its hyper-parameters .
In such an approach, the objective is to process the data

in order to extract valid, novel, potentially useful, and an
ultimately understandable structure in data by identifying

Fig. 1. (a) Outline of a wrapper method. (b) Outline of a filter method.

relevant and meaningless features [25]. This is the first step in
a knowledge discovery learning scheme. In this context, two
main approaches can be followed:

• The wrapper approach to the FSP was introduced in [26].
In this approach, the feature selection algorithm conducts
a search for a good subset of features using the classifier
itself as part of the evaluating function. Fig. 1(a) shows the
idea behind the wrapper approach: the classifier is run on
the training dataset with different subsets of features. The
feature subset, which produces the lowest estimated error
in an independent but representative test set, is chosen as
the final feature set. For further considerations about wrap-
pers methods, the following bibliography can be consulted
[4], [5], [27].

• In the filter approach to the FSP, the feature selection is
performed based on the data, ignoring the classifier algo-
rithm. An external measure calculated from the data must
be defined in order to select a subset of features. After the
search, the best feature subset found is evaluated on the
data by means of the classifier algorithm. Note that the
filter algorithms performance completely depends on the
measure selected for comparing feature subsets. Fig. 1(b)
shows an example of how a filter algorithm works.

Filter methods are usually faster than wrapper methods.
However, their main drawback is that they totally ignore
the effect of the selected feature subset on the performance
of the classification algorithm during the search. Further
analysis and application of filter methods can be found in
[21] and [22].

For both wrapper and filter methods, a binary representation
can be used for the FSP, where a 1 in the th position of the
binary vector means that the feature is considered within the
subset of features, and a 0 in the th position of the binary vector
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means that feature is not considered within the subset of fea-
tures. Note that using this notation is equivalent to encode the
problem as the vector included in expression (1). Note also
that there are different subsets of features (being the total
number of features), and the problem is to select the best one in
terms of a certain measure, which can be either internal (wrapper
methods) or external (filter methods) to the classifier.

III. GENETIC ALGORITHMS

GAs [20] are a class of robust problem-solving techniques
based on a population of solutions, which evolve through suc-
cessive generations by means of the application of three ge-
netic operators: selection, crossover, and mutation [20]. GAs are
suited to perform a search in huge search spaces, where other
methods (local or gradient searches) cannot provide good re-
sults. The FSP encoded with a binary representation is one of
these cases.

A. Walsh Analysis and Spectrum

Walsh Analysis of a function is a commonly used method
in GAs to study the internal structure of the fitness functions
[24]. It has also been used to explain how a GA works. Walsh
Analysis is equivalent to a Fourier expansion of a function in the
binary search space . The Walsh expansion of a function
associates a Walsh coefficient to a binary vector (partition).
The function can be completely reconstructed from partitions1

s and Walsh coefficients . Continuing with the notation, we
give the main steps to define Walsh expansion of a function.

The Walsh basis function for a partition ,
is defined as

(2)

where and are the components of binary vectors and .
Walsh functions form a complete orthogonal set of basis func-

tions [20]. Every function can be expanded as

(3)

where

(4)

The Walsh expansion captures the internal structure of
a function: if this function has dependencies among
variables, then its Walsh coefficients for partitions in-
volving nondependent variables are zero. For example,
let , then

[28]. For further analysis
and details on Walsh Analysis, see [24].

The spectrum of a function [23] is a graphic representation of
the most important partitions of the function which is obtained
from its Walsh expansion. The order of a partition is defined

1Hereafter, we will denote, in boldface, a partition indexed as a binary vector
j and in normal type j, its corresponding integer value.

as the number of 1s in it. Note that in the FSP with binary rep-
resentation, the order of a partition is equivalent to the number
of selected features.

Using the definitions above, the spectrum of a function is de-
fined starting from its Walsh coefficients as follows. Let be the
set of all partitions belonging to the search space .
Let be the set of partitions belonging to with order . A
total energy for the function is defined as

(5)

The energy for the partitions with order is

(6)

and their normalized energy

(7)

Vector is the spectrum associated to the
Walsh expansion of . It can be readily shown that
and . In this paper, we will use a modification of the
spectrum in order to perform a ranking of the best features for
a given FSP problem.

IV. ENHANCING GENETIC FEATURE SELECTION

GAs have been proposed and successfully used for the FSP,
both as wrapper and filter methods [4], [5], [21], [22], [27], but
its use has been limited mainly due to convergence problems and
poor performance in large features spaces. Nevertheless, few ef-
forts have been done to investigate on how to improve the per-
formance of a GA in FSP. From our particular point of view, a
better adaptation of the GA to the FSP is therefore necessary.
In this section, we present two techniques in order to introduce
a major adaptation of the GA to the FSP. First, we propose re-
ducing the search space by means of the -features operator.
Second, we present a modified spectrum for ranking features.

A. -Features Operator

One of the main difficulties that a GA faces when tackling
FSP in high dimensional input spaces is that convergence can be
slow and additionally its performance becomes poorer than ex-
pected. This problem is even bigger in wrapper methods, where
the calculation of the fitness function is provided directly by the
classifier, what introduces a considerable time delay in every
generation of the GA. To overcome this problem, we propose
a novel genetic operator which fixes the number of features se-
lected by the GA to features (i.e., the number of 1s in the
individuals remains constant to a given number ).

The so-called -features operator works in the following
way: after the application of the crossover and mutation oper-
ators, a given individual of the GA population will present
1s that, in general, will be different from the desired number of
features . If , the -features operator adds 1s
randomly and if , the -features operator randomly se-
lects 1s and removes them from the binary string. The

-features operator can be described in pseudocode, as follows.
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The -features operator
Select (number of features) before
running the GA.
for every generation of the GA:
for every individual of the GA

population:
check the number of 1s .
if
Add_ones ;

else
Remove_ones

end(if)
end(individual )

end(generation)

Note that the -features operator forces the GA to search
in a reduced search space. In fact, the standard GA searches
for vector in a space of size , whereas introducing the

-features operator, the size of the search space is reduced to
. In addition, the application of the -features oper-

ator will consequently obtain a much faster convergence of the
GA.

Three specific actuation modes can be obtained for this new
genetic operator. The GA can be used with the -features oper-
ator (best -features mode), using the -features op-
erator (being the number of features lower bounded by and
upper bounded by ), or without any restricted search
(the GA is running in standard mode, and ).
The standard mode will search for the best set of features in the
whole search space, whereas the GA running in best -features
mode searches for the best set of features in the search space.
Note that the -features operator is an adaptation of the GA to
the FSP, due to the number of 1s in the individuals is the number
of selected features. Note also that the -features operator can
be used both in wrapper and filter methods, as will be shown in
the experiments section.

B. Walsh Analysis for Ranking of Features

The spectrum of a function defined in [23] (also summarized
in Section III-A) represents the distribution of energies among
different orders (number of 1’s) of the partitions which form the
search space. If the analyzed function is the fitness function of
an FSP, the spectrum might give a measure of what are the most
important features (i.e., it could be used as a tool to perform a
ranking of features in a given FSP).

The definition of spectrum from the Walsh Analysis of a func-
tion given in [23] calculates the energy associated to partitions
of the same order. For example, in the search space , par-
titions {1011}, {1110}, {0111} contribute to the same compo-
nent of the spectrum ; however, they represent three dif-
ferent sets of features. Thus, the “classical” definition of spec-
trum cannot be used for ranking the features according to their
relevance. In order to solve this problem, we propose a slight
modification of the definition of the spectrum, in the following
way.

Let be the set of partitions with a 1 in the position . In
the example above partitions {1011} and {1110} belong to

(they also belong to ) whereas partition {0111} does not be-
long to (but it belongs to ). Therefore, a modified spectrum,
named the prime spectrum, can be defined as follows:

(8)

where is the order of .
Prime spectrum fulfills and . In fact,

it can be interpreted as the associated energy to every feature
in the binary search space and, thus, features with large values
of are more relevant than features with small values of .
Consequently, we propose using vector to perform ranking
of features in the FSP.

Note that vector depends on the fitness function selected
for the FSP through the values of its Walsh coefficients. Note
that vector can be calculated both for wrapper and filter
methods. However, in large search spaces, the calculation of the
Walsh expansion can be computationally infeasible, and estima-
tion methods as the one proposed in [23] should be used.

V. EXPERIMENTS

Performance of our proposals is evaluated in three real
datasets. The first one is a real application in molecular bioac-
tivity for drug design, also known as thrombin binding problem
(TBP) used for the first time in the KDD cup in 2001. In this
application, we test the performance of the -features operator
in a GA used as a wrapper feature selection method. The
second experiment deals with the assessment of six months
ahead mortality risk due to angina pectoris. In this application,
we test the performance of the -features operator in a GA
used as filter method. We also test here the ranking of features
obtained through the prime spectrum, and compare it with
commonly used sensitivity measures on the best classifiers. The
third problem deals with the discrimination of patients with
signs of diabetes mellitus. We compare here the performance
of a multilayer perceptron (MLP) with and without a feature
selection stage based on the prime spectrum and sensitivity
measures. For all experiments, we have used a standard GA as
defined in Section III, with a population size individ-
uals, and probabilities of crossover and mutation and

, respectively.

A. Molecular Bioactivity for Drug Design

The first step in the discovery of a new drug is to identify
and isolate the receptor to which it should bind, followed by
testing many molecules for their ability to bind to the target
site. Thus, it needs to be determined as to what features of the
drug molecule separate the active (binding) compounds from the
inactive (nonbinding) ones. In this case, the problem consists of
selecting the features of a drug molecule that make it bind to a
target site on thrombin, a key receptor in blood. This task defines
the TBP, which can be seen in a machine learning context as a
FSP.

1) Dataset: The dataset used in this paper is a TBP provided
by DuPont Pharmaceutical for the KDD cup 2001 Competition
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[29]. Each example (observation) has a length of 139 351 bi-
nary features which describe three-dimensional (3-D) proper-
ties of the drug molecule. Note that this is the only information
given by the dataset provider concerning the nature of the fea-
tures. The reason for this was that the competition would eval-
uate the effectiveness of the algorithms without the advantage
of being gained from the designer’s prior biological knowledge.
Following the winner criteria explained in [29], we selected 100
features from the original set of 139 351 using mutual informa-
tion. Every example (observation) is labeled as positive 1 of
negative 1, depending on whether the example binds or not,
respectively.

The dataset was then split into a training and a test set. In the
training set, there are 1909 examples (100 features) and only 42
of them bind. Hence, the data are highly unbalanced (42 positive
examples is only 2.2% of the data). The test set contains 634 ad-
ditional compounds (also 100 features), which were generated
based on the assay results recorded for the training set.

2) Genetic Feature Selection for the TBP: In this problem,
we have applied the GA as a wrapper method for FSP. Note that
the size of the searching space is , so we use the -features
operator in order to reduce it and obtain a faster convergence of
the GA. Due to the characteristics of the problem’s features as
binary numbers, we selected one of the simplest classifiers as
inductive classification algorithm: the OR classifier. This clas-
sifier is defined in the following way:

if
otherwise

(9)

where assigns the prediction that a new molecule binds if
any of the selected features (represented by vector , the

feature) were nonzero, and is the number of features.
The use of this operator is fully justified because there are

very few 1s in each feature and we are looking for features
with 1s highly correlated with the positive outputs. In addition,
the OR classifier provides a very fast way of computing the
percentage of error in classification for this problem, without
training or adjusting any hyper-parameter.

Following the KDD rules, the error in classification is evalu-
ated according to a weighted accuracy criterion, due to the un-
balanced nature of the number of positive and negative examples

(10)

where stands for the correct label of a sample, and stands for
the output of the classifier for that sample. Note that complete
classification success is scored with .

This classification error is used to calculate the GA fitness
function. Since the GA works by maximizing the fitness, and the
problem objective involves minimizing , we have defined
the GA fitness function in the following way:

(11)

TABLE I
BEST err OBTAINED BY GA RUNNING IN DIFFERENT MODES

AND THE BEST err IN THE KDD CUP 2001

where represents every individual in the GA population. Note
that depends on the individual .

3) Obtained Results: We compare the results obtained by
the GA as a wrapper method with the results provided by the
KDD cup 2001 competition [29]. Only 7% of all the competitors
at KDD achieved an higher than 60.0%. The winner used
a Bayes Network; to be more precise, tree augmented Naive-
Bayes networks. In [30] and [31], the authors describe in more
detail the used techniques for the Bayes networks.

Table I shows the results of the best solution achieved by
our GA running in best 7-features, 10-features, 13-features, and
16-features modes, standard mode, and the results obtained for
the winner of the KDD.

Note that our algorithm achieves better results that the best
existing algorithm. The best solution was obtained with the GA
working in best 13-features mode, with a , an
improvement of 6% over the best solution given in the KDD
Cup. The best solution obtained with the GA working in stan-
dard mode selected 18 features, with a , which
is still better than the best solution in the KDD Cup. However,
in general, the GA running in standard mode performs worse
than running in -feature mode.

B. Risk Assessment of Unstable Angina

Angina is the primary symptom of coronary artery disease
and, in severe cases, of a heart attack. Angina is usually referred
to as stable (predictable) or unstable (less predictable and a sign
of a more serious situation). In this context, the use of classifi-
cation methods helps to predict mortality due to angina.

1) Data Collection: The Recursos Empleados en el Sín-
drome Coronario Agudo y Tiempos de Espera (RESCATE)
study consisted of a registry of first acute myocardial infarct
(AMI) and unstable angina (UA) patients admitted to one
hospital with, and three others without, coronary angiography
facilities or coronary surgery.2 A total of 2661 patients with un-
stable angina were consecutively admitted to the participating
hospitals.

2) Learning Scheme and Results: The learning scheme fol-
lowed in this problem is basically constituted by three stages.

• Stage I: Feature selection. In this application, we have
used several information criteria as fitness functions for
the GA: the Mallow’s criterion, the classical Akaike’s
information criteria (AIC) and the maximum description
length (MDL) criteria. As in the previous application,

2More information regarding this study can be retrieved from
http://www.imim.es.
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Fig. 2. Evolution of Mallow’s C , AIC and MDL information criteria for
different subsets of variables.

we have transformed these the-smaller-the-better perfor-
mance statistic measurements into fitness functions to be
maximized by previously rescaling them. This approach
is based on the work [21], where the fitness function
is chosen to be the Mallow’s statistical criterion, as
applied to the binary coded linear regression
where . In this case, each possible subset can
be described as a binary string of length . However, we
introduce the important modification of fixing the number
of features in the solution coding at each iteration by
means of the -features operator.

First, we selected relevant variables through conven-
tional feature selection techniques (principal component
analysis, correlation function, statistical descriptors, and
entropy measures). The best subset was reduced to 14 vari-
ables from the originally 75 collected. However, we con-
tinued inspecting smaller subsets with the GA approach
(Fig. 2). Despite the optimal subset being constituted by
only two variables for all measures (relatives with schemic
cardiopathy and previous diagnosis of angina), there are
no significant differences between the solution of five fac-
tors (relatives with schemic cardiopathy, previous diag-
nosis of angina, hyper-cholesterolemia, habitual smoker,
and gender). The latter selection seems to be more robust
clinically [32] and, additionally, AIC and MDL criteria
show a local minimum which suggests that selection as
well. However, this must be verified by developing dedi-
cated models for each possible subset and evaluating their
performance in a test set.

• Stage II: Classification. We have evaluated the quality of
the selection by developing dedicated SVM [33] for sev-
eral subsets identified in the previous stage. This step has
two particular advantages; first, it allows to assess pre-
vious selection methods and second, it provides an accu-
rate and robust classifier. Data were split into a training
set (483; 22 cases with UA) and a validation set (243 pa-
tients; 12 of cases with UA). Selection of the model was

TABLE II
RESULTS IN THE VALIDATION SET OF SVMS WITH DIFFERENT SUBSETS. THE

VALUE N INDICATES THE NUMBER OF VARIABLES IN EACH SUBSET. IN ALL

CASES, THE BEST SVM CONSIDERED AN RBF KERNEL

subjected to tight restrictions: first, the negative predictive
value (NPV%) should be higher than 97.5% since the rate
of false predictions on the true positives should be avoided
as much as possible; and second, well-balanced models
are desirable so we used the measure [see (10) for
details].

Table II shows results obtained for the selected subsets
of variables, where indicates the number of variables in
each subset. The best SVM model (RBF kernel, )
yielded good results ( in the validation
set) although regularization was a hard problem to solve
and, thus, a different individualization parameter was used
for each class, as proposed in [34]. In addition, a high
rate of negative predictive values was
obtained.

• Stage III: Ranking. Once the most relevant feature subset
has been selected with the previous methods, a Walsh ex-
pansion of the GA fitness function is performed and the
corresponding prime spectrum is calculated. This provides
a ranking of variables which is compared to that from a
sensitivity analysis of the best classifier. Sensitivity anal-
ysis (SA) is commonly used to study the influence of input
variables in a classifier. Candidate models are constructed
by evaluating the effect of removing an input variable.
This measure, commonly known as delta error (DE) in
the literature, produces a valuable ranking of variables rel-
evance. Two additional sensitivity measures can be com-
puted based on perturbing an input and monitoring model
output observations: the average gradient (AG) and the av-
erage absolute gradient (AAG) [35].

At this stage, we inspect the ranking provided by the
prime spectrum obtained from the Walsh expansion of GA
fitness functions, using the final 14 variables [Fig. 3(a)].
An additional measure of the feature relevance is to con-
sider all partitions which order comprises more than 90%
of the spectrum energy. In our case study, an order of

is found. This indicates that partitions with higher
order contributes with negligible energy (i.e., no more than
nine variables are necessary to describe the problem accu-
rately). Moreover, no significant difference is found be-
tween and regarding the 0.9-quantile
of the FSP (0.935 and 0.899, respectively). These results
match the ones obtained with statistical criteria in stage
I. In Fig. 3(b), we show ranking of variables according
to three common sensitivity measures for the best SVM
with 14 input variables. Results perfectly match the ones
obtained with the Walsh expansion, which indicates that
a robust classification model has been achieved and con-
firms the final selection of five features.

These are promising results from a clinical viewpoint.
Variables selected have been reported in the literature to
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Fig. 3. (a) Ranking features attending to the prime spectrum B . The
horizontal lines indicate two different thresholds for subset selection. (b)
Ranking provided by sensitivity measures of the best SVM with N = 14. The
�50% relevance thresholds are indicated with horizontal lines.

be of fundamental relevance for predicting nonfatal acute
myocardial infarction or death six months later in unstable
angina pectoris [32]. However, more efforts must be done
to define efficiently the energy distribution drawn from the
Walsh expansion.

This methodology permits to assess GA-driven feature se-
lection results and allows to obtain accurate and robust clas-
sification machines. Additionally, some knowledge gain in the
problem and important clinical conclusions are derived.

C. Diabetes Detection

The diagnosis of signs of diabetes according to World Health
Organization criteria (i.e., if the 2-h postload plasma glucose
was at least 200 mg/dl at any survey examination or if found
during routine medical care) is considered as the third real ex-
ample. Data were downloaded from the UCI repository corre-
sponding to the pima-indians-diabetes dataset. We used a sim-
ilar approach as in the previous example but an MLP was used
as classifier in Stage II.

Two feature selection methods were considered; the one
drawn by the Walsh expansion of the Mallows’ criterion

TABLE III
SUCCESS RATE (SR[%]) AND SPECIFICITY (SP[%]) ON THE CLASSIFICATION OF

THE DIABETES DATASET WITH AND WITHOUT IRRELEVANT FEATURES

SELECTED THROUGH SENSITIVITY ANALYSIS (AAG MEASURE) AND PRIME

SPECTRUM B FOR TRAINING (T) AND VALIDATION (V). RESULTS OF THE

ADAP ORIGINAL ALGORITHM ARE ALSO SHOWN FOR COMPARISON PURPOSES

(using its prime spectrum) and through SA.3Similar solutions
were drawn by both methods except that a prime spectrum
energy analysis (0.9-quantile was taken) selected variable 4
(body mass index) as relevant instead of 7 (diabetes pedigree
function), as the SA suggested.

The MLP model was built, varying the number of hidden neu-
rons ( 15 to avoid overfitting), the weight initialization range,
and the learning rate (between 0.001 and 0.3) to determine the
best topology through the cross-validation method. We used
576 training instances and tested performance on the remaining
192 instances, for proper comparison with previous work [38].
Training was accomplished using the familiar back-propagation
(BP) algorithm and models were selected through cross-valida-
tion.

Table III shows results obtained with a dedicated MLP for
each of the three subsets; taking all of the available features and
with the ones selected through SA and Walsh expansion (prime
spectrum ). The optimal solution is achieved with an MLP
when using all of the available features. As the input space is
reduced, specificity (SP[%]) and success rates (SR[%]) increase
in the training set but decrease in the validation set. However,
the ranking of features provided by the prime spectrum of the
Mallow’s criterion produces a good compromise between
complexity and outcomes in the validation set, which suggests
that a faithful feature selection has been accomplished.

VI. CONCLUSION

In this paper, we have presented two improvements for the
genetic search of features in supervised classification problems.
First, we have presented a novel genetic operator ( -features
operator), which fixes the number of features selected by the GA
to features. The -features operator reduces the size of the
features search space, which improves the GA performance in
terms convergence time, and may lead to find very high quality
solutions. Second, we have proposed a modification of the spec-
trum of the GA fitness function in order to perform ranking of
the problem’s features.

We have applied the GA with the modifications to three real
problems–the Thrombin binding problem, the problem of risk
assessment of unstable angina, and the diagnosis of diabetes
mellitus. In the first problem, we have used the GA as a wrapper
approach, achieving very good performance of the GA with the

3Networks were retrained after each feature selection run, as proposed in
[36] and [37]. This methodology ensures effectiveness in the feature selection
process.
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-features operator. In the other problems, we have shown the
application of our improvements to the GA used as filter method
for the FSP. In this application, we have also shown that the
modified spectrum is a good parameter for performing ranking
of the problem’s features.
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