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Abstract. Feature selection has been applied in several areas of science
and engineering for a long time. This kind of pre-processing is almost
mandatory in problems with huge amounts of features which requires
a very high computational cost and also may be handicapped very fre-
quently with more than two classes and lot of instances. The general
taxonomy clearly divides the approaches into two groups such as filters
and wrappers. This paper introduces a methodology to refine the feature
subset with an additional feature selection approach. It reviews the pos-
sibilities and deepens into a new class of algorithms based on a refine-
ment of an initial search with another method. We apply sequentially
an approximate procedure and an exact procedure. The research is sup-
ported by empirical results and some guidelines are drawn as conclusions
of this paper.
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1 Introduction

Machine learning algorithms which construct classifiers from sample data, such
as rule-based systems, radial basis functions and decision trees, have received
growing attention for their wide applicability [14]. A review of them can be found
in [7]. The possible inputs to a classifier can be enormous for many applications.
There may be some redundancy among different inputs. A large number of inputs
to any kind of classifier increase the solution and thus requires more training data
and longer training times in order to achieve reasonable generalization ability.
Pre-processing is often needed to reduce the number of inputs to a classifier. The
application of feature selection (FS) approaches has become a real initial step
for model building due to the multi-dimensional nature of many modeling tasks
in some fields.

Our objective is to improve the accuracy and to reduce the complexity (mea-
sured by means of the number of inputs) of the classification models. The training
of databases for classification, which have different numbers of patterns, features
and classes, is dealt with by means different types of supervised machine learning
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approaches. In this paper we use as a baseline feature set the resulting one with
an ant colony optimisation meta-heuristic [16] that is only applied in the training
set. This initial solution is going to be enhanced with a no-stochastic approach.
This paper is organised as follows: Sect. 2 describes some concepts about FS;
Sect. 3 reviews the roots of swarm intelligence (SI) and more concretely the
optimisation based on ant colonies (AC); Sect. 4 presents the description of our
proposal; Sect. 5 details the experimentation process; then Sect. 6 shows and
analyzes the results obtained; finally, Sect. 7 states the concluding remarks.

2 Feature Selection

FS is the problem of choosing a small subset of features that ideally is necessary
and sufficient to describe the target concept [11]. There are various ways in which
FS algorithms can be grouped according to the attribute evaluation measure:
depending on the type (filter or wrapper technique) or on the way that features
are evaluated (individual or subset evaluation). The filter model [13] relies on
general characteristics of the data (such as distance, consistency, and correlation)
to evaluate and select feature subsets without involving any mining algorithm.
The wrapper model [12] requires a predetermined mining algorithm and uses its
performance as evaluation criterion.

The subset evaluator CFS (Correlation-based Feature Selection) [8] is the
most widespread. This paper works with the aforementioned ant search method
within the CFS accompanied with the heuristic Information Gain (InfoGain as
abbreviation, [3]) which is considered as the baseline method due to its strong
performance.

3 Swarm Intelligence

Swarm intelligence refers to a kind of problem-solving ability that emerges in
the interactions of simple information-processing units [10]. Social insects (ants,
bees, termites, and wasps) can be viewed as powerful problem-solving systems
with sophisticated collective intelligence [2].

The meta-heuristic optimization based on ants (MOBA) was proposed by
Dorigo et al. [6] and is inspired in the behaviour of real ant colonies. Depending
on the amount of pheromone deposited by the ant in their route there would be
some points that are more likely to be visited by the next ants [4]. The (artifi-
cial) ants define a randomised construction heuristic which makes probabilistic
decisions depending on the strength of artificial pheromone trails and available
heuristic information. As such, MOBA can be interpreted as an extension of
traditional construction heuristics, which are readily available for many combi-
natorial optimization problems. Yet, an important difference with construction
heuristics is the adaptation of the pheromone trails during algorithm execution
to take into account the cumulated search experience. As construction algo-
rithms work on partial solutions trying to extend these in the best possible way
to complete problem solutions.
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4 The Proposed Method

In the current work, MOBA, implemented following the Ant System (AS) model,
is considered as search strategy in the context of CFS method after the attribute
evaluation phase. MOBA guides the search by means of a heuristic evaluator. As
heuristic evaluator, we have considered InfoGain for CFS as evaluator resulting
an hybrid approach. Moreover, CFS, and InfoGain compute different kinds of
measure to evaluate the relevance, such as correlation and information, respec-
tively.

The probabilistic transition rule is defined in the same way as in [9] and is
the most widely used in AS [5]:

pij =
τα
ij · [ηij ]

β

∑
il∈N (x) τα

il · [ηil]
β
, ∀ij ∈ N (x) (1)

where pij represents the probability that current ant at feature i would travel
to feature j, τij is the amount of pheromone on the ij edge, ηij is the heuristic
desirability of the ij transition and N (x) the set of current feasible components.
Lastly, α and β are parameters that may take real positive values –according to
the recommendations on parameter setting in [5]– and are associated with heuris-
tic information and pheromone trails, respectively. All ants update pheromone
level with an increase of small quantities, depending directly on the heuris-
tic desirability of the ij transition given by the measure (merit) of the subset
attribute evaluator used as heuristic evaluator and inversely proportional to the
subset size.

First of all, some feature selectors are applied independently to the training
set of all data sets in order to obtain a list of attributes, for each of them,
considered for training and test phases. In this way, two reduced sets (reduced
training and test sets) are generated, where only most relevant features are
included. It is important to point out that the FS is performed only with training
data; the reduced test set has the same features as the reduced training set. These
reduced sets are taken as input to the classifier.

The baseline method, MOBA based on AS, gets an initial set of features.
On the other hand, approaches considering the individual performance of every
feature may have some flaws because a group containing only some potentially
good individual attributes may be more effective than a group consisting of only
good attributes. A newly method called Leave-k-out ReliefF has been proposed
very recently [17].

This paper tries to simplify the initial subset after the baseline approach
removing the worst ranked attribute according to Leave-k-out ReliefF. The cur-
rent paper presents SnS-FS (Stochastic and no-Stochastic Feature Selection)
methodology, a refinement of an initial stochastic feature selection task with a
no-stochastic method to reduce a bit more the subset of features to be retained.

Recently, we proposed an approach to combine different subsets that are
obtained independently [18]. The current proposal introduces a very different
approach because one procedure is run after the other whereas in the previous
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reference both methods are or at least could be run in a parallel mode because
there is not data dependency.

5 Experimentation

Table 1 describes the data sets employed. All of them are publicly available at
the UCI repository [1]. The following five have been used: Hepatitis, Ionos.,
Lymph., Satimage and SPECTF. Missing values have been replaced in the case
of nominal variables by the mode or, when concerning continuous variables, by
the mean, taking into account the full data set. Table 2 depicts the feature subset
selection methods applied in the experimental process.

Table 3 summarises the main parameters along with their symbols and numer-
ical or conceptual values for all the feature subset selection methods used for the
experiments. On one hand, in relation to F1 (MOBA based on AS), the na and gen
parameters have been set to fix values to our choice. For τ0 parameter, in [5] there is
a suggestion to assign a small positive constant and hence we have defined a value
of 0.5. The trade-off between α and β parameters may influence in the behaviour
of the algorithm thus for their determination a preliminary experimental design
by means of a five-fold cross validation on the training set has been carried out
with a couple of values for each one parameter (1 and 2).

The experimental design uses the cross validation technique called stratified
hold-out that consists of splitting the data into two sets: training and test set,
maintaining the class distribution of the samples in each set approximately equal
as in the original data set. Their sizes are approximately 3n/4 and n/4, where
n is the number of patterns in the problem. For some problems a prearranged
distribution was applied by the donors of the data and we do not alter it.

Table 4 shows the number of features with two data pre-processing
approaches in the context of the framework SnS-FS. Ten runs with different
seeds were conducted for F1 and the most frequent solution was incorporated
for the evaluation and hence as input to F2. The computational cost for the data
preparation in an Intel i7, 2.5 GHz, 8 GB RAM is around one second for the exe-
cution of F1 with one seed. Once the solution is obtained with F1, F2 takes 4
seconds for the slowest problem (Satimage) and only one for the remaining ones.

The new proposal has been assessed with classifiers C4.5 [15], SVM [19] with
a polynomial kernel and PART. The values of parameters were fix with the

Table 1. Summary of the data sets used

Data set Size Train Test Feat. Cl.

Hepatitis 155 117 38 19 2

Ionos. 351 263 88 33 2

Lymph. 148 111 37 38 4

Satimage 6435 4435 2000 36 6

SPECTF 267 80 187 44 2
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Table 2. List of feature selectors for the experimentation

Attribute
evaluator

Search
method

Heuristic
evaluator

Additional
FS

Reference Abb. Name

CFS AntSearch InfoGain − [16] F1

CFS AntSearch InfoGain Leave−k−
outReliefF

[17] F2

Table 3. Parameter values for F1 and F2 feature selection approaches

FS method Parameter Symbol Value

F1 Number of ants na 10

Number of generations gen 10

Pheromone trail influence α 1

Heuristic informacion value β 2

Pheromone initial value τ0 0.5

F2 Number of features dropped k 1

Table 4. Number of selected features for each feature selector

Data set Selected features

F1 F2

Hepatitis 9 8

Ionos. 10 9

Lymph. 8 7

Satimage 21 20

SPECTF 8 7

default ones because this is the recommendation of the own researchers that
introduced the algorithms. These methods are implemented in Weka tool [20].

6 Results

This section details the results obtained, measured in Correct Classification
Ratio (CCR) or accuracy in the test subset.

We have reported in Table 5 the results with the baseline approach (F1) and
the new methodology (F2) that we have coined as SnS-FS. Improvements in
favour of F2 are represented in boldface. None special font-type has been used
for the cases of ties or losses. From an analysis of the results, we can assert
the following. Taking into account the new proposal compared to the baseline
approach, as aforesaid, in all cases the number of features is lower. Besides,
depending on the classifier some progress happen. PART gets more accurate
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Table 5. Accuracy test results for the new proposal compared to the baseline method

Data set C4.5 SVM PART

F1 F2 F1 F2 F1 F2

Hepatitis 89.47 89.47 89.47 89.47 86.84 92.10

Ionos. 87.50 88.63 89.77 88.63 93.18 93.18

Lymph. 81.08 81.08 83.78 83.78 70.27 70.27

Satimage 86.25 85.65 84.50 84.40 83.55 84.85

SPECTF 69.52 69.52 63.64 64.17 76.47 76.47

results in two out of five problems what is very remarkable. C4.5 increases the
accuracy in one problem and in three data sets a tie is get. SVM improves the
result in one problem and two ties. According to Wilcoxon signed-ranks test,
since there are 5 data sets, the T value at α = 0.10 should be less or equal than
1 (the critical value) to reject the null hypothesis. It should be mentioned that
for classifiers C4.5 and PART the F2 performance is significantly better than F1.

7 Conclusion

This paper presented a methodology called SnS-FS that in a first step applies
a feature selection procedure based on swarm intelligence and later in a second
step runs other feature selection procedure to diminish the number of features
retained to be prompted to the supervised machine learning algorithm.

PART and C4.5 take advantage of the new methodology enhancing the accu-
racy in the best cases and keeping the same results with a lower number of
attributes in a good number of problems. Losses sometimes happen but are not
the rule of thumb. On the other hand, SVM is able to improve the results but
in two out of the five problems worst accuracies are get what mean that SVM
is robust and minor changes in the number of features may not very convenient
with the reported test-bed.
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