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Abstract. In machine learning and statistics, feature selection, is the
process of selecting a subset of relevant features that helps to decrease
the dimension of a set of patterns and to improve classification perform-
ance. Feature Selection aims to obtain the least subset of features that
represent the problem In this paper a novel algorithm is presented. It
is called Dominant Genetic Algorithm (DGA). This genetic algorithm
is a wrapper style feature selection algorithm and the search strategy is
guided by an hybrid associative classifier. The classifier evaluates differ-
ent solutions and gives them a value based on classification accuracy.
Obtained results suggest that the algorithm can be used to improve
classification performance. Experimental phase was performed using five
data sets, widely used in machine learning and statistics.

Keywords: Associative models, CHAT, DGA, Genetic Algorithms, Pat-
tern Recognition.

1 Introduction

Every day more data is generated, but all that data has no meaning until a
process transform it into information. One way to obtain information from data
is by classifying them. When the data is classified, it is desirable to have as
less characteristics as possible, this means that is desirable to perfom a feature
selection process before classifying.
The best way to take on feature selection is with an exhaustive search of the

best subset of characteristics, this can be done only in datasets where there are
not many characteristics. In those datasets with huge amount of features, others
methods, instead of exhaustive searching must be looked for [1].
Feature selection algorithms may roughly be divided into three types: The

first type is the set of algorithms that are build into adaptive systems for data
analysis, called predictors. The second type are wrapper around predictors,
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providing them a subset of features and receiving their feedback, those algorithms
are known as wrapper algorithms. The third type are independent algorithms
from predictors, these algorithms filter the data that have little chance to be
useful in classification, these filter methods are based on performance evaluation
metric, calculated directly from the data [2].
Feature selection can be analyzed as a search process, where the search must

be guided by the classification performance and also by the number of selected
characteristics. Search processes are optimization problems that can be solved
using genetic algorithms. The use of a genetic algorithm to solve the problem
of feature selection was introduced by Siedlecki and Sklansky[3]. Also Ludmila
Kuncheva used a genetic algorithm in feature selection for parallel classifiers
[4,5].
In this paper, a genetic algorithm wrapper-based method for feature selec-

tion is proposed, the DGA. This method employs an associative classifier as
the method for evaluating feature subsets. The use of a wrapper-style feature
selection method with an associative classifier was first proposed in [6]. This
proposal executes an exhaustive search using parallel processing to improve the
classification performance. However, that approach is still too time-consuming.
This work aims to analyze a suitable algorithm to improve the feature selection
in big data sets. The rest of the paper is organized as follows. Section 2 provides
a brief overview of genetic algorithms. Section 4 explains the associative classifier
employed in the proposed model. The proposed model is described in Section 5
and the experimental results are presented in Section 6. To conclude, Section 7
presents a discussion on the obtained results.

2 Genetic Algorithms

Genetic Algorithms (GA) are search procedures based on natural selection and
natural genetics. The first GA was developed by John H. Holland in 1960
to allow computers to evolve solutions to diffi cult search and combinatorial
problems, such as function optimization and machine learning [7]. Also the
genetic algorithm can be defined as a highly parallel mathematical algorithm that
transforms a set (population) of individual mathematical objects, each with an
associated fitness value, into a new population using operations patterned after
the Darwinian principle of reproduction and survival of the fittest and after
naturally occurring genetic operations (notably sexual recombination) [8].
Recently GA have been applied in different areas like in transit network

design problem [9], projects of public illumination [10] and in text classification
[11], among others.
It is said that most of GA methods have at least four elements in common:

Population of chromosomes, selection according to fitness, crossover to produce
new offspring, and random mutation of new offspring. The chromosomes are
commonly represented as a binary array with n alleles that can get the values
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0 or 1. Each chromosome can be thought of as a point in the search space of
candidate solutions. The GA processes populations of chromosomes, successively
replacing one population with another. The GA requires a fitness function that
assigns a score to each chromosome in the current population. The fitness of a
chromosome depends on how well that chromosome solves the problem at hand.
The simplest form of genetic algorithm involves three operators: selection,

crossover and mutation, each operator is explained below:
Selection: The function of this operation is to select elitist individuals as

parents in current population, which can generate offspring. Fitness values are
used as criteria to judge whether individuals are elitist [12]. The purpose of
selection is to emphasize the fitter individuals in the population hoping that
their offspring will in turn have even higher fitness [13].
Crossover: This operator randomly chooses a locus and exchanges the sub-

sequences before and after that locus between two chromosomes to create two
offspring. For example the chromosomes 11110000 and 10100011 could be crossed
over by the midpoint of each, to produce the two offspring 11110011 and 10100000.
The objective of this operator is to recombine building blocks (schemas) on the
different solutions.
Mutation: This operator randomly flips some of the bits in a chromosome.

For example, the string 00000100 might be mutated in its second position to
yield 01000100. Mutation can occur at each bit position in a string, with some
probability, usually very small (e.g., 0.001). Mutation ensures the population
against permanent fixation at any particular local result.
According to De Jong [14] a standard GA is:

—Randomly generate a population of m parents.
—Repeat:
• Compute and save the fitness u(i) for each individual i in the current
parent population.
• Define selection probabilities p(i) for each parent i so that p(i) is pro-
portional to u(i).
• Generate m offspring by probabilistically selecting parents to produce
offspring.
• Select only the offspring to survive.

—End Repeat

3 Associative Memories

An associative memory M is a system that relates input patterns and output
patterns as follows:

x→ M → y

with x and y the input and output pattern vectors, respectively. Each input
vector forms an association with its corresponding output vector. For each γ
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integer and positive, the corresponding association will be denoted as: (xγ ,yγ).
An associative memory M is represented by a matrix whose ij-th component
is mij . An associative memory M is generated from an a priori finite set of
known associations, called the fundamental set of associations. If µ is an index,
the fundamental set is represented as: {(xµ,yµ) | µ = 1, 2, ..., p} with p as
the cardinality of the set. The patterns that form the fundamental set are
called fundamental patterns. If it holds that xµ = yµ ∀µ ∈ {1, 2, ..., p}, M
is autoassociative, otherwise it is heteroassociative; in this case, it is possible
to establish that ∃µ ∈ {1, 2, ..., p} for which xµ 6= yµ. If we consider the
fundamental set of patterns {(xµ,yµ) | µ = 1, 2, ..., p} where n and m are the
dimensions of the input patterns and output patterns, respectively, it is said
that xµ ∈ An, A = {0, 1} and yµ ∈ Am. Then the j-th component of an input
pattern xµ is xµj ∈ A. Analogously, the i-th component of an output pattern yµ
is represented as yµi ∈ A. Therefore, the fundamental input and output patterns
are represented as follows:

xµ =


xµ1
xµ2
...
xµn

 ∈ An yµ =


yµ1
yµ2
...
yµm

 ∈ Am
A distorted version of a pattern xγ to be recalled will be denoted as x̃γ .

An unknown input pattern to be recalled will be denoted as xω. If when an
unknown input pattern xω is fed to an associative memoryM, happens that the
output corresponds exactly to the associated pattern yω, it is said that recalling
is correct [15].

4 CHAT Associative Memory

CHAT Associative Memory is based on the combination of two associative
memories, the Lernmatrix from Steinbuch [16,17] and Linear Associator from
Kohonen [18]. The algorithm is as follows:

1. Lets define a fundamental set of input patterns of dimension n with real
values on their components, these patterns are organized in m different
classes.

2. For each input pattern in the class k define a vector made of zeros except
the k − th coordinate, where the value is one.

3. Obtain the medium vector from the fundamental set of patterns according
to the following expression:

x =
1

p

p∑
µ=1

xµ (1)
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With x1,x2,x3, ...,xp as the set of input patterns
With

_
x as the medium vector for all input patterns

With p as the total number of patterns to be used

4. Take the components from the medium vector as the center of a new set of
coordinates.

5. Move all the patterns from the fundamental set according to the following
expression:

xµ
′
= [xµ − x] ∀µ ∈ {1, 2, ..., p} (2)

With xµ
′
as the displaced pattern

With xµ as the original pattern
With

_
x as the medium vector for all input patterns

6. Obtain an associative memory M by performing the following steps:
—Given the fundamental set of associations {(xµ,yµ) | µ = 1, 2, ..., p},
obtain the displaced fundamental set of associations {(xµ′ ,yµ′) | µ =
1, 2, ..., p} using expression (1) and expression (2).

—Consider each one of the p associations (xµ
′
,yµ

′
), so an m×n matrix is

obtained according to the following expression:

yµ
′
·
(
xµ

′
)t
=


yµ

′

1

yµ
′

2
...
yµ

′

m

 ·
(
xµ

′

1 , x
µ′

2 , ..., x
µ′

n

)
(3)

yµ
′
·
(
xµ

′
)t
=



yµ
′

1 x
µ′

1 · · · y
µ′

1 x
µ′

j · · · y
µ′

1 x
µ′

n
...

...
...

yµ
′

i x
µ′

1 · · · y
µ′

i x
µ′

j · · · y
µ′

i x
µ′

n
...

...
...

yµ
′

mx
µ′

1 · · · yµ
′

mx
µ′

j · · · yµ
′

mx
µ′

n


—Obtain an associative memoryM by adding all the p matrices according
to the following expression:

M =

p∑
µ=1

yµ
′
·
(
xµ

′
)t
= [mij ]m×n (4)

in this way the ij-th component of an associative memoryM is expressed
as follows:

mij =

p∑
µ=1

yµ
′

i x
µ′

j (5)
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7. Apply the recalling phase as follows:

The recalling phase pretend to find the class label that belongs to an unknown
input vector xω ∈ An . Find the class means to obtain the components from the
vector yω ∈ Ap that belongs to the pattern xω. The recalled output pattern is
obtained according to the following expression:

yωi =

{
1 if

∑n
j=1mij · xωj = θ

0 otherwise
(6)

5 Proposed Method

This paper presents a wrapper-style feature selection algorithm based on a
Genetic Algorithm and an associative classifier. The objective of this algorithm
is to achieve a solution near to the optimal, exploring as less solution space as
possible. The proposed feature selection method is described in Fig. 1.

Fig. 1: Proposed method

As can be seen on the Fig. 1 the proposed algorithm is different from con-
ventional GA, first in DGA an initial population of 6 is chosen randomly, this

José A. Estrada-Pavía, Mario Aldape-Pérez and Oscar Camacho-Nieto

Research in Computing Science 119 (2016) 84



Table 1: Characteristics of datasets used in the experimental phase.
Data set No. of features Solution space
Breast Cancer 9 512
Heart 13 8,192
Hepatitis 19 524,288
Lung Cancer 56 1.44E17
Arrhythmia 279 9.71E83

little population helps to decrease the number of the solutions explored. All the
individuals are binary coded, where 1 represents the use of a specific character-
istic and 0 represents a characteristic that is not selected. Instead of selecting
parents randomly, the best two solutions are always selected, using a simple
linear ranking selection. In this method, chromosomes of a population are sorted
according to their fitness values [19].
The Fitness function that is proposed has two objectives. The first is to

increase the classification performance and the second is to reduce the number
of selected features. Even though both parameters are crucial to increase the
performance of a machine learning model, classification performance is more
important than the number of selected features. Considering the previous, a
Fitness function is proposed.

Fitness(x, y, z) = y ∗ .97 + (100− ((100
z
) ∗ x)) ∗ .03 (7)

Where:
x: Is the selected characteristics
y: Is the classification performance
z: Is the total number of features
The values 0.97 and 0.3 were assigned in order to give a greater weight to

higher classification rates and less weight to dimensionality reduction.
The crossover operator is a one-point crossover, the spot to make the cros-

sover is exactly or near in the middle of the chromosome.
The mutation operator, mutates all the population excluding the selected

parents, the mutation probability is 0.18 for each allele in the solution.

6 Experimental Results

Along the experimental phase, five datasets taken from the UCI Machine Learn-
ing Repository [20] were used. Specifically, the Breast Cancer, Heart disease,
Hepatitis diagnosis, Lung Cancer and Arrhythmia data sets were chosen. The
characteristics of these datasets are shown in Table 1.
Four algorithms were proposed to make a comparison with the DGA:
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Table 2: Mutation rates.
Algorithm Mutation rate
SGA1 4%
SGA2 26%
SGA3 6%
SGA4 27%

— Simple Genetic Algorithm with Binary Tournament selection method and
Singlepoint crossover method called SGA1.

— Simple Genetic Algorithm with Stochastic Remainder Sampling selection
method and Singlepoint crossover method called SGA2.

— Simple Genetic Algorithm with Binary Tournament selection method and
Doublepoint crossover method called SGA3.

— Simple Genetic Algorithm with Stochastic Remainder Sampling selection
method and Doublepoint crossover method called SGA4.

Different mutation rates were used in each algorithm in order to improve
performace of each one. Mutation rate of each algorithm is shown in Table 2.
Each algorithm was run 20 times. The search process stopped when the

number of evaluated indivuduals got 5% of the solution space in Breast Cancer,
Heart and Hepatitis datasets. In Lung Cancer and Arrhythmia datasets the
search process stopped when the number of evaluated indivuduals was 100.
Table 3 shows classification performance and dimensionality reduction in

each dataset. Near Optimum indicates how far was the solution obtained by
genetic algorithms compared to the optimal solution, which is obtained by brute
force. After exhaustive exploration of the solution space, the selected subset of
features that maximizes classification accuracy is selected. In case that two or
more subset of features achieve the same classification accuracy, the subset of
features with the smallest number of them is selected.

7 Conclusions

This study presents a genetic algorithm-based approach called DGA. The clas-
sical GA operators have been taken and mixed, in a new way to solve a known
problem, the feature selection. The results showed that this approach to fea-
ture selection obtains an approximately optimal solution in less time than an
exhaustive search would need; especially so on data sets where the amount of
features starts to prohibit full exploration of the solution space. This suggests
that the DGA is a useful tool for feature selection, especially for larger datasets.
The results of the conducted experiments show that the DGA coupled with an

associative classifier exhibits a good performance using a reduced solution space.
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Table 3: Classification accuracy using 10 fold cross-validation.
Arrhythmia Breast Cancer Heart Hepatitis Lung Cancer

DGA CA 57.95% 96.90% 80.15% 84.10% 81.30%
DR 53.53% 41.11% 72.31% 73.95% 71.52%
NO 100% 97.39% 99.46%

SGA1 CA 55.60% 96.45% 73.15% 78.15% 79.05%
DR 54.16% 46.11% 75.38% 60.53% 64.38%
NO 85.41% 75.52% 94.38%

SGA2 CA 51.50% 96.20% 70.40% 68.30% 71.60%
DR 49.68% 42.78% 51.15% 54.21% 51.07%
NO 85.41% 66.14% 59.62%

SGA3 CA 54.45% 96.75% 75.15% 77.25% 78.90%
DR 52.03% 40% 67.31% 62.89% 59.91%
NO 85.41% 82.29% 91.71%

SGA4 CA 51.65% 96.20% 70.90% 68.05% 72.85%
DR 49.87% 41.11% 53.46% 53.68% 50.80%
NO 85.41% 69.27% 59.62%
CA: Classification accuracy, DR: Dimensionality reduction, NO: Near Optimum

The experimental results suggest that it is a feasible approach for datasets con-
sisting of more than a dozen features, obtaining good classification performance
values with an important feature amount reduction evaluating a little number
of solutions.
It is clear from these results that the DGA is capable of approximating the

optimal feature subset within less of 5% in average sized datasets. Regarding to
dimensionality reduction, the results show important cut down on the number of
features selected. For bigger datasets, a reduction of half or more of the features
can be observed.
The key result observed in these experiments is the reduction of the search-

ing space. It can be seen from the result tables that even the most ineffi cient
experiments (the ones on the Breast Cancer dataset) required less evaluations
than an exhaustive search to find the optimal solution or one extremely similar
to it in performance.
Further work can be done trying to improve the operators used to get an even

better solution. Additionally, different genetic operators can be used to find the
combination of these which yields better results. Other kinds of evolutionary
algorithms should be tested in the future in order to determine if they can
produce similar or better results than the DGA; similarly, future research should
also focus on coupling the DGA with other classifiers and prove its effi ciency.
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Also a future research should be done in order to know, the percentage needed
to be evaluated in the solution space, to get an almost optimal solution, in big
data sets.
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