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Many evolutionary computation (EC) methods have been used to solve feature selection problems and they
perform well on most small-scale feature selection problems. However, as the dimensionality of feature
selection problems increases, the solution space increases exponentially. Meanwhile, there are more irrelevant
features than relevant features in datasets, which leads to many local optima in the huge solution space.
Therefore, the existing EC methods still suffer from the problem of stagnation in local optima on large-scale
feature selection problems. Furthermore, large-scale feature selection problems with different datasets may
have different properties. Thus, it may be of low performance to solve different large-scale feature selection
problems with an existing EC method that has only one candidate solution generation strategy (CSGS). In
addition, it is time-consuming to find a suitable EC method and corresponding suitable parameter values for
a given large-scale feature selection problem if we want to solve it effectively and efficiently. In this paper,
we propose a self-adaptive particle swarm optimization (5aPSO) algorithm for feature selection, particularly
for large-scale feature selection. First, an encoding scheme for the feature selection problem is employed in
the SaPSO. Second, three important issues related to self-adaptive algorithms are investigated. After that, the
SaPSO algorithm with a typical self-adaptive mechanism is proposed. The experimental results on 12 datasets
show that the solution size obtained by the SaPSO algorithm is smaller than its EC counterparts on all datasets.
The SaPSO algorithm performs better than its non-EC and EC counterparts in terms of classification accuracy
not only on most training sets but also on most test sets. Furthermore, as the dimensionality of the feature
selection problem increases, the advantages of SaPSO become more prominent. This highlights that the SaPSO
algorithm is suitable for solving feature selection problems, particularly large-scale feature selection problems.
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1 INTRODUCTION

In machine learning and data mining, many classification datasets have a large number of features
[Wu et al. 2017; Yu et al. 2016]. The training time increases as the feature space dimensionality
increases. The increasing dimensionality can cause the “curse of dimensionality" problem [Gheyas
and Smith 2010]. Feature extraction [Stuhlsatz et al. 2012], feature construction [Li and Tao 2012],
and feature selection [Xue et al. 2016] are three important dimensionality reduction approaches to
tackle with the “curse of dimensionality” problem. In fact, most of the features in the input datasets
are redundant or irrelevant features, which not only increases the training time but also reduces the
classification accuracy of the learnt classifier. Feature selection is an important data preprocessing
technique to overcome such problems, which involves choosing a minimum subset of relevant
features from the original large feature set so that the training time is reduced and the learning
performance be improved [Yang et al. 2013].

The feature selection problem can be considered as a combinatorial optimization problem. The
total number of possible solutions is (2" — 1) for a feature selection problem with n features. Thus,
the number of solutions increases exponentially with respect to n. It might be time-acceptable to find
the exact solution for a small-size feature selection problem using an exhaustive method. However,
it is impractical to find the exact solution using an exhaustive method for a large-scale feature
selection problem. For example, consider a feature selection problem with 57 dimensions. If we use
a personal computer to implement the exhaustive method and assume the computer can evaluate 3
billion solutions in 1 second, it would take at least 1.5 years to find the exact solution. Moreover, for
a feature selection problem with 100 dimensions, it would take more than 1.3585E+013 years, and
for a feature selection problem with 1000 dimensions, it would take more than 1.1483E+284 years.
In this paper, feature selection problems with more than 100 dimensions are termed as large-scale
problems. Therefore, it is impractical to find the exact solutions by an exhaustive method for the
large-scale feature selection problems.

In the past several decades, a variety of heuristic methods have been proposed to find acceptable
solutions for the feature selection problems [Chang et al. 2016; Tang and Liu 2014]. Based on
evaluation methods, feature selection methods can be simply classified into two categories: filter and
wrapper [Xue et al. 2016]. Filter methods evaluate features independent of any classification method,
which may limit the performance. Filter approaches are often computationally less expensive than
wrapper approaches, but they are not as effective as wrapper approaches. Wrapper approaches
include a classification method in the evaluation function, hence they are more time-consuming.
However, they can typically obtain better results than filter approaches [Xue et al. 2014a].

Wrapper methods evaluate candidate subsets using a classifier. Greedy search based sequential
search methods, such as sequential forward selection (SFS) [Whitney 1971] and sequential backward
selection (SBS) [Marill and Green 1963], are typical wrapper methods. Their main drawback is
the “nesting effect". Because they add or reduce features into/from a feature subset one by one, if
one feature is selected or removed, it will not be removed or selected again. Although a ;°plus-I-
take-r-away;+ method has been proposed to alleviate the problem [Stearns 1976], the improved
approach still suffers from stagnation in local optima. Moreover, the dimensionality in each repeated
stage is fixed depending on the predefined values of / and r. Therefore, the sequential forward
floating selection algorithm (SFFS) and sequential backward floating selection (SBFS) algorithm are
proposed to overcome the above problems [Pudil et al. 1994]. The SFFS adds features to an empty
feature set using the basic SFS procedure, followed by a series of removing the worst feature from
the updated feature set if the removing process can improve the feature set. The SBFS removes
features from a complete feature set using the basic SBS procedure, followed by a series of adding
the best feature to the updated feature set if the adding process can improve the feature set.
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In datasets, some features may interact with each other [Gheyas and Smith 2010], hence, an
individually relevant feature may become redundant when it works together with other features.
On the other hand, an individually weakly relevant feature may become highly useful when it works
with others. Therefore, the traditional filter and wrapper approaches, which evaluate and select
features individually, cannot work well. Hence, to address the feature selection problems effectively,
a global search technique is required. Evolutionary computation (EC) techniques have recently
received much attention from the feature selection community because of their global optimization
ability [Xue et al. 2016]. The special population-based structure and efficient parallel search manner
enable EC methods to have very good global search ability. Some famous EC methods used in
feature selection are: genetic algorithms [Ghareb et al. 2016; Holland 1975], genetic programming
[Kamath et al. 2012; Koza 1990], ant colony optimization [Dorigo and Gambardella 1997; Neagoe and
Neghina 2016], particle swarm optimization (PSO) [Bharti and Singh 2016; Kennedy and Eberhart
1995; Zhang et al. 2017a, 2015], differential evolution [Al-Ani et al. 2013; Storn and Price 1997],
and the firefly algorithm [Yang 2008; Zhang et al. 2017b]. A survey of all kinds of work for solving
feature selection problems using EC methods can be found in Ref. [Xue et al. 2016].

Although many EC methods have been employed to solve small-scale feature selection problems,
existing EC methods still suffer from the problem of stagnation in local optima on large-scale feature
selection problems. The solution space of a feature selection problem increases exponentially with
the dimensionality of the dataset increases. Thus, the increasing number of features results in a
huge solution space. Besides, feature selection is a special problem that is different from other
common combinatorial optimization problems, i.e., there are typically more irrelevant or redundant
features than relevant features in the datasets, thus, the large number of irrelevant or redundant
features generate many local optima in the huge solution space. Therefore, most EC methods
still suffer from the problem of stagnation in local optima [Xue et al. 2014a]. Another possible
cause of this issue is that many of these methods lack the ability to explore and exploit the search
space in a proper manner [Al-Ani et al. 2013]. Moreover, different datasets may have different
properties, and different positions may have different fitness landscape for the solution space of
the same dataset. Thus, the suitable search manners for the EC method should be automatically
employed according to the feature selection problem and its fitness landscape. However, we do not
know the characteristics of the fitness landscape for a given feature selection problem. Hence, to
solve a feature selection problem effectively, generally speaking, many different algorithms are
tested in advance, and when we test one of the algorithms for a given problem, many experiments
should be performed to look for a suitable parameter value set for the algorithm. Obviously, it
costs a great deal of computational time to look for a suitable algorithm and its suitable parameter
values. In recent years, some EC methods with a self-adaptive mechanism have been proposed
for solving different optimization problems and the experimental results showed that they have
obvious advantages on optimization problems [Harrison et al. 2018; Pornsing et al. 2016; Sudo
et al. 2015; Xue et al. 2017, 2014b; Ying 2011]. For example, in order to overcome the drawbacks
in PSO, Wang and Zhou et al. [Ying 2011] have imported a chaotic local search into PSO and
proposed a chaotic self-adaptive particle swarm optimization (CSAPSO) algorithm. In the CSAPSO,
the velocity was adjusted dynamically so as to deal with various constraints in real-world problems.
In [Ying 2011], the CSAPSO was employed to solve the dynamic economic dispatch (DED) problem
with value-point effects, and the experimental results indicated that CSAPSO can get a better
solution in feasible time. Besides, Choosak and Manbir et al. [Pornsing et al. 2016] have designed
self-adaptive inertia weight and time varying adaptive swarm topology techniques for PSO. The
designed techniques were used to avoid premature convergence by executing the exploration and
exploitation stages simultaneously. The numerical experiments showed that the new algorithm
with self-adaptive inertia weight and time varying adaptive swarm topology outperforms other



4 Yu Xue, Bing Xue, and Mengjie Zhang

competitive algorithms. Furthermore, Harrison and Engelbrecht et al. [Harrison et al. 2018] have
reviewed many kinds of control parameter adaptation based PSO algorithms in a survey work . In
[Harrison et al. 2018], they have empirically examined whether the adapted parameters reach a
stable point and whether the final parameter values adhere to a well-known convergence criterion.

PSO and its many variant algorithms have been employed for feature selection problems. The
frameworks of these variant algorithms are similar. They first initialize a population of particles to
represent the possible solutions of an optimization problem and record some important information
about the solutions such as the personal best solutions and the global best solution, then they use
different formulas and the recorded information to generate a population of new possible solutions.
Finally, they repeat the above process till a predefined stop criterion has been satisfied. There are
many PSO variant algorithms and it is the different updating formulas that make them different from
each other. The function of these formulas is to generate new solutions, therefore the formula(s) in
each algorithm is (are) termed as candidate solution generation strategy (strategies) i.e. CSGS in this
study. Although many PSO variant algorithms have been developed for feature selection problems,
most of them employ only one CSGS to generate new solutions. Recently, Bharti and Singh [Bharti
and Singh 2016] proposed a binary particle swarm optimization (BPSO) algorithm with an adaptive
inertia weight operator, and employed the proposed BPSO to solve the feature selection in text
clustering. Their results indicate the proposed BPSO with an adaptive inertia weight operator
can select more informative feature set compared to its competitive methods as it obtained better
clustering performance. In EC algorithms, there exist many self-adaptive mechanisms. However,
first, to our best knowledge, though EC methods with self-adaptive mechanisms have been employed
for solving large-scale feature selection in clustering [Bharti and Singh 2016], they have not been
tried for solving feature selection problems in classification, not to mention large-scale feature
selection in classification. Second, two important questions should be answered when designing
the strategy pool of the self-adaptive algorithm: (1) which CSGSs should be used in the pool? (2)
how many CSGSs should be used in the pool? To answer these questions, one basic problem should
be solved first, i.e., how to identify whether a CSGS is effective? PSO is an effective technique
for feature selection problems [Xue et al. 2014a]. Therefore, motivated by these questions and
methods analysis, we propose the methods to overcome the questions in designing strategy pool of
self-adaptive algorithms, and develop a self-adaptive PSO (SaPSO) algorithm for solving large-scale
feature selection problems in classification. In the SaPSO algorithm, several CSGSs with different
characteristics are maintained, and the previous experiences of generating promising solutions
are used to adaptively choose the suitable CSGSs to generate new solutions in the subsequent
generations.

1.1 Goals

The overall goal of this paper is to propose a new self-adaptive PSO algorithm for feature selection,
particularly for large-scale feature selection. The more detailed objectives are described as follows:

1) To design a new self-adaptive PSO algorithm with multiple CSGSs, which are used self-
adaptively during evolutionary process.

2) To carry out theoretical study of designing the strategy pool of the SaPSO algorithm.

3) To investigate whether a self-adaptive PSO algorithm can achieve good performance for
feature selection, especially for large-scale feature selection.

1.2 Organization

The remainder of this paper is organized as follows. In Section 2, we provide background information.
Section 3 describes the new algorithm with the representation of solutions, the strategy pool
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designing methods, and the self-adaptive mechanism. Section 4 describes experiment design and
Section 5 presents results with discussions. Section 6 provides conclusions and future research
work.

2 RELATED WORK
2.1 Initialization and Updating Mechanisms in PSO for Feature Selection

PSO has been widely used in feature selection problems [Xue et al. 2013, 2014a]. In the framework
of PSO, initialization is very important, and it significantly affects the performance of PSO. Recently,
Xue et al. [Xue et al. 2014a] improved the performance of PSO for feature selection by improving
its initialization. In Ref. [Xue et al. 2014a], Xue et al. proposed three new initialization approaches,
and they have found a very good initialization strategy for the feature selection. In this paper, we
employ the same approach as used in the final proposed algorithm in Ref. [Xue et al. 2014a], which
is briefly described as follows.

Mixed initialization: In this initialization strategy, most particles are initialized using a small
number of features and the remaining particles are initialized using large feature subsets [Xue et al.
2014a).

Actually, the feature selection problem has two objectives, where the first one is classification
accuracy/classification error, and the second one is the number of selected features (solution size).
For example, suppose a given dataset with 4 features and a decoded solution is {0, 1, 0, 1}. Obviously,
the second objective of the solution is 2. To calculate the first objective, firstly, we use the second
column, the fourth column, and the label column of the dataset to form a new dataset. Then the
k-nearest neighbor (kNN) method is used to obtain the classification accuracy on this new dataset,
which is also the first objective of the solution. In order to satisfy the two objectives of feature
selection, in addition to initialization, four updating mechanisms were investigated in Ref. [Xue
et al. 2014a]. Because it has been proved that the second one is a promising updating strategy, we
use the second updating strategy in this study, and it is briefly presented as follows.

Classification performance as the first priority: pbest or gbest is updated in two situations,
where pbest represents the best solution that is found by a particle so far while gbest means the
best solution obtained by the swarm so far [Kennedy and Eberhart 1995]. Use pbest as an example,
for the first situation, if the classification performance of the particle’s new position is better than
pbest, pbest will be updated and replaced by the new position. In this case, the number of selected
features will be ignored. For the second situation, if the classification performance is the same as
pbest and the number of features is smaller, the current pbest will be replaced by the particle’s new
position.

2.2 Related Work on Self-adaptive Algorithms

In the last decade, the self-adaptive mechanism in EC methods has attracted the attention of
researchers, and powerful self-adaptive EC methods have been proposed. For example, Qin et
al. [Qin et al. 2009] introduced a self-adaptive mechanism into differential evolution (DE) and
proposed a self-adaptive DE (SaDE). Their experimental results show SaDE is more effective in
obtaining better quality solutions. Additionally, Li et al. [Li et al. 2012] introduced an adaptive
framework into PSO to develop a self-learning PSO (SLPSO) algorithm. Different from SaDE, their
adaptive scheme was implemented at the individual level. Their experimental study on a set of
45 test functions and two real-world problems show that the self-adaptive mechanism is helpful
for solving different types of problems, particularly the problems that have very complex fitness
landscapes. Furthermore, Wang et al. [Wang et al. 2011] proposed a self-adaptive learning based
PSO (SLPSO) with a new probability model which was used to describe the probability of a strategy.
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They compared their SLPSO with eight PSO variants on 26 numerical optimization problems with
different characteristics and an economic load dispatch problem in power systems. Their results
indicate that SLPSO can update the best solution records. In recent years, Xue et al. [Xue et al. 2017,
2014b] proposed some improved self-adaptive EC techniques to solve the continuous and discrete
optimization problems.

Recently, the EC methods with self-adaptive mechanisms have been proposed to solve large-scale
continuous optimization problems, and the experimental results show that these algorithms have
obvious advantages on the continuous numerical optimization problems with high dimensional-
ity [Xue et al. 2014b]. However, to our best knowledge, though EC methods with self-adaptive
mechanisms have been employed for solving large-scale feature selection in clustering [Bharti and
Singh 2016], they have not been tried for solving feature selection problems in classification, not to
mention large-scale feature selection in classification. In this paper, we investigate a self-adaptive
PSO algorithm to see whether it can achieve good performance for feature selection in classification,
especially for large-scale feature selection in classification.

3 SELF-ADAPTIVE PARTICLE SWARM OPTIMIZATION FOR FEATURE SELECTION
3.1 Representation of Solutions

There are several representation schemes for feature selection in the literature [Xue et al. 2016]. In
this paper, feature selection is transformed into a ‘0’ and ‘1’ combinatorial optimization problem, in
the same manner as that in [Xue et al. 2014a]. Thus, the representation of a solution is a binary string.
This string has D dimensions, where D means the total number of features. We use continuous
encoding in PSO, and the range of each dimension of the position vector is limited in [0, 1]. To
transfer a continuous position vector to a binary string, a threshold 0 is set in advance. If the value
of the d" dimension of the position is greater than 6, the corresponding value in the binary vector
is set to 1, which represents that the d'" feature is selected. Otherwise, the value in the binary
vector is set to 0, which represents that the d’ h feature is not selected.

3.2 Methods for Designing Strategy Pool

Different from the other variant algorithms of PSO which use only one CSGS to generate new
particles, the SaPSO algorithm uses multiple CSGSs to generate new particles. In the SaPSO
algorithm, the multiple CSGSs are maintained in a specific component which is termed as strategy
pool. In order to design the strategy pool for the SaPSO, we have firstly implemented 25 CSGSs
which are commonly used and representative CSGSs in the literature about PSO (The detailed
information of the 25 CSGSs can be seen in the complementary materials). The strategy pool is
not constitute of all the 25 CSGS, i.e., only the suitable CSGSs from the 25 CSGSs are put in the
strategy pool. In this subsection, a method for selecting CSGSs is introduced.

The choice of CSGSs to form the strategy pool has two aspects to consider. (1) how many CSGSs
should be selected to form the pool? (2) which CSGSs should be selected? There is a basic question
here, i.e., how to identify which CSGSs are effective? We can identify which CSGSs are effective
if there are only one dataset. However, there are a large number of datasets, and we expect the
CSGSs can perform well on the large-scale datasets. The only information that can be obtained is
the performance of the CSGSs on each dataset by doing experiments. Hence, we need a method to
comprehensively evaluate the performance of the CSGSs.

Analytic hierarchy process (AHP) is a famous multicriteria decision making technique [Aguaron
et al. 2016; Saaty 1990]. The main characteristics of this approach are: the modelling of the problem
using a hierarchical structure which reflects all the relevant aspects of the problem; the use of
pairwise comparisons to incorporate the preferences of decision makers; the derivation of priority
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vector for the alternative properties. In this paper, AHP is used to synthetically evaluate the CSGSs.
According to the AHP, a score or order, which is used to evaluate the CSGSs, should be assigned to
each CSGS. Because the total number of the CSGSs is greater than the allowed scale of the existing
AHP, we first propose a relative permutation order based scaling method (RPOSM) to divide the
CSGSs into small groups and assign a order/score to each CSGS according to their performance on
each feature selection problem. Nevertheless, these CSGSs in the same group have the same order.
Based on RPOSM, a new analytic hierarchy process (RPOSM-AHP) is proposed to comprehensively
evaluate the CSGSs. In this section, we first introduce RPOSM and then describe RPOSM-AHP.

3.2.1 Relative Permutation Order based Scaling Method. RPOSM is designed to get the order of
each CSGS on each dataset. The input of RPOSM is a sequence of CSGSs sorted according to their
fitness values on a feature selection problem. The output of RPOSM is the order of each CSGS.

RPOSM is described as follows. Suppose seq denotes a sorted sequence in decreasing according
to the importance of its elements. The order ox of the K" element is calculated according to Eq. (1)
as follows.

o = 0S — [elex /GS] +1 (1)

where eleg represents the serial number of the K element in the seq, ox is the score of the K**
element, [-] is the rounding up operator, GS represents the size of each group, and OS is the order
size which is determined by real-world problems.

For example, suppose there are 25 CSGSs and they are sorted as in Fig.1. In addition, we suppose
that OS=9, GS=3, and we want to calculate the orders for CSGS13 and CSGS2. Thus, according to
Eq.(1), they are calculated as follows:

013 = 0S — [eleK/GS| + 1

=9-[1/3]+1
=9
0y = 0S — [eleK/GS] + 1
=9—[25/3]+1
=1

3.2.2 RPOSM based Analytic Hierarchy Process. RPOSM-AHP is proposed based on RPOSM. In
this paper, a hierarchical structure with three levels is constructed. RPOSM-AHP is presented in
four steps as follows.

Step1 Construct hierarchies

“To select the suitable CSGSs to form strategy pool" is the overall goal level. We use NT selected
training sets to test the performance of NS CSGSs. The size of the datasets changes from small to
large. The NI selected training sets are used as the criteria level. Because our solving preference is
the large-scale problems, the datasets with large-scales are put in the front of criteria level. NS
CSGSs are used as the attribute level. Since our selection preference is the CSGSs which perform

1325 14 =+ K. = 3 1 2

1 2 3 e« elek -+ 23 24 25

Fig. 1. An example of a seq with 25 CSGSs
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better on the datasets, the CSGSs are sorted according to their performance on each dataset. The
hierarchical structure is shown as Fig. 2:

________ |
|Choosing the Suitable CSGSS‘

|
________ J

| Criteria | | ‘ DS05 ‘
________ J
C
(T S
| Alternatives | G
________ J S
25

Fig. 2. The hierarchical structure of PROSM-AHP.

Step2 Construct pairwise comparison matrices and check consistency

Step 2.1 Construct pairwise comparison matrices

Firstly, sort the datasets at the criteria level according to the relative solving preference. Secondly,
obtain the sorted sequence of CSGSs according to the experimental results on each dataset.
Thirdly, use RPOSM to calculate the order number of each CSGS in each sorted sequence. Finally,
we construct pairwise comparison matrices at the criteria level and attribute level as follows.
Let’s take attribute level for example, suppose A represents a comparison matrix of the CSGS on
one dataset, and

ain a2 ais
dg1 Q2 ... Qp

A= ' (2)
as1 as? Qss

Suppose 0; and o; represent the order numbers of CSGS i and CSGS j, respectively. Thus, for
Va;j € A (j=1,2,..s, i < j), a;; is calculated as follows.

o Oi—0j+l ifOiZOj
%ij _{ 1/(0oj —0; +1) otherwise (3)

aj; is calculated as follows.

aji = 1/aj (4)
where i =1,2,...,s, j = 1,2,..,s. a;j represents the i" row and j* element of matrix A. a;; = 1,
aij = 1/aj;, ajj > 0, and s is the total number of datasets/CSGSs in criteria level/attribute level.
All pairwise comparison matrices at the criteria level and attribute level can be obtained according
to Formulas (1-4).
Step 2.2 Check consistency
Step2.2.1 Calculate the maximum eigenvalue of each pairwise comparison matrix as follows.

Amax = (1/s) - X5, (AW),/W; (5)

where A max represents the maximum eigenvalue of the pairwise comparison matrix, W is the
eigenvector of the pairwise comparison matrix A, and(AW); is the i*" element of vector AW.
Step2.2.2 Calculate the consistence index (CI) [Saaty 1990] as follows.

CI = (Amax—s)/(s — 1) (6)
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Step2.2.3 Calculate the consistence ratio (CR) [Saaty 1990] as follows.
CR = CI/RI (7)

where RI is a random index [Saaty 1990] given in advance. When CR <0.1, we consider that
the consistency of the pairwise comparison matrix is acceptable.
Step3 Get a priority vector at each single level
For each pairwise comparison matrix in Step 2.1, the relative priority at each level can be calculated
as follows.

Eij = a,-j/Zizl Ak j i,j =12,..,s (8)

Wi=25mij/ gy L1 Gy =120 )
Thus, we obtain a priority vector which is represented by C = (Cy,Cy, ..., Cny) at the criteria
level, and we obtain the priority vectors which are represented by W; = (w;1, wig, ..., Wins), i =
1,2, ..., NI, at the attribute level.
Step4 Calculate the total priority vector
Based on the results in Step3, the total priority vector can be calculated as follows.

/ NI NI NI
W' = (X5 CiWit, 23imq CiWizsess Diinq CIWINS)- (10)

Finally, the performance of the CSGSs can be evaluated comprehensively by PROSM-AHP.
Besides, PROSM-AHP introduces relative solving preference at the criteria level, which can make
RPOSM-AHP satisfy the requirement for solving large-scale problems.

3.3 Candidate Solution Generation Strategies

There are many PSO variant algorithms in the literature. It is impractical to investigate and
implement all of their CSGSs. We only chose and implemented 25 CSGSs which are representative,
frequently used, from high-quality papers or recently proposed. We have tried our best to choose
and implement the CSGSs as more as possible, we believe the 25 CSGSs cover almost all different
types of CSGSs for designing the strategy pool. Due to the space limit, the 25 CSGSs are provided in
the complementary material. Based on the initial experimental results, 5 CSGSs are finally selected.
The 5 CSGSs are described as follows.

1) Standard PSO is an efficient EC method [Xue et al. 2014a], which is the main strategy used to
generate new solutions. This strategy searches for the optimal solution by updating the position
and velocity of each particle according to the following equations:

t41 bt
Xid = %iat Vi (11)
ol = wrol ek x (Pig = X1y) + o k1o % (Pga — X1 ) (12)

where t represents the "

particle, and ps is the population size. d € D represents the d*" dimension in the search space,
and D represents the dimensionality of the search space. w is an inertia weight. x;, represents the

iteration in the evolutionary process. i € ps represents the current

d'" dimension of current particle’s position. Uf 4 € [—0max> Umax] is the velocity of the ith particle
in current iteration. ¢; and c; are acceleration constants. r; and r; are random values uniformly
distributed in [0, 1]. p;q and pyq represent the d'" elements of personal best solution and global
best solution, respectively.

2) A different velocity updating strategy was proposed in Ref. [Wang et al. 2013], which is

described as follows.

1_
xl.t; —r1*xlfd+r2*pgd+r3*(x;d—x£d) (13)
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where x! ; and x ; are position vectors of two random particles. The position updating method and
other variables have the same meaning as mentioned before.

3) Estimation-based velocity updating strategy from Ref. [Wang et al. 2011] is selected in this
paper, which is described as follows.

D—-1)N(0,1 C(0,1
c= ! )D(,)+ (D») (14)
of+! = (mean!, — x!)) + %\/(pid - meungd)2 +(xl, — meanlfd)Z +(xl, — meanlfd)2 (15)

where N(0,1) and C(0, 1) represent two numbers randomly generated by the Gaussian distribution
and Cauchy distribution, respectively. mean!, is set to as same as that in Ref. [Xue et al. 2014b].
The position updating method and other variables have the same meaning as mentioned before.

4) The CLPSO velocity updating strategy from Ref. [Liang et al. 2006] is selected in this paper,
which is described as follows.

vyt = w0l ok x (pbestpa) — xly) (16)

where f; = [fi(1), fi(2), ..., f;(D)] defines whose personal best should be used by the current particle.
pbestf,q) can be the corresponding dimensionality of any particle’s pbest including its own pbest.
The position updating method and other variables have the same meaning as mentioned before.

5) An improved CLPSO velocity updating strategy called the PSO-CL-pbest strategy from Ref.
[Wang et al. 2011] is also selected in this paper. The strategy is given as follows.

vitl = w0l +0.5% ¢y ry x (pbestsa) — Xi, + Pgd — X1y) (17)

where the variates and the position updating method have the same meaning as mentioned before.

3.4 The Self-adaptive Mechanism

The main objectives of the self-adaptive mechanism are to produce the probabilities for the CSGSs
according to their performance, and choose a suitable CSGS for each particle based on these
probabilities. There are two most important problems here, i.e., (1) How to generate new probabilities
for the CSGSs? (2) How to select a suitable CSGS for each particle? In this paper, we adopt relatively
simple methods to solve the two problems because we focus mainly on solving the CSGS selection
problem for the self-adaptive algorithms.

The CSGSs which are successfully used in recent generations should be continuously used in
future generations. When a CSGS cannot perform well, it should be replaced by another CSGS that
may perform well. We use a simple self-adaptive mechanism which is described as follows. All the
CSGSs in the strategy pool are assigned an initial probability and the probabilities are changed
during evolution. Let p; represent the selection probability of the j* strategy (where j=1, 2, |,
Q, and Q is the number of CSGSs. Thus the initial probability of each CSGS is 1/Q). The sum of
these probabilities is 1 and they are recalculated according to the performance of the CSGSs on
generating new solutions.

In this paper, the roulette wheel method [Fogel 1994] is used to select a CSGS. Subsequently, a
candidate solution is generated by applying the selected CSGS to the corresponding particle. Then,
the candidate solution is evaluated and the updating mechanism which was described in Section 2
is employed to determine whether the pbest and gbest should be updated. The information that
whether the generated solution is better than the corresponding pbest is recorded by the elements
nsFlag; j and nfFlag;; (i = 1,2, ..., ps, j = 1,2,...,Q, where ps is the number of particles and Q is
the number of CSGSs) in the binary matrices nsFlag,sxo and nfFlag,sxo. It is implemented as
follows.

At the beginning of a generation,



Self-adaptive Particle Swarm Optimization for Large-scale Feature Selection in Classification 11

0 0 ---
00 ---
nsFlag=| . . . X and nfFlag=| . . . . (18)

o0 --- 0 o0 --- 0
psxQ PsXQ

suppose the j*# strategy is selected for the i*" particle, if the generated new solution is better than
the corresponding pbest, then nsFlag; j = 1, otherwise, nfFlag; ; = 1. After the evolution process
of the current generation is finished, we sum all the rows in nsFlag and nfFlag, then the number of
the new solutions that are generated by the j** CSGS and successfully enter into the next generation
is recorded in the element Sy ; (k = 1,2,...,LP, j = 1,2,...,Q, where LP represents a number of
generations, it means the probabilities of CSGSs will be recalculated if the evolution process is
repeated for LP generations) of another matrix Sgpxg. Similarly, the number of the new solutions
generated by the j'* CSGS but unsuccessfully enter into the next generation is recorded in the
element Fy ; of another matrix Fy pxp. Meanwhile, the matrices nsFlag and nfFlag are initialized
as shown in Eq. (18), so that they can record the information in the next generation.

The above process is repeated LP generations to learn the success and fail information for the
CSGSs, after evolving for LP generations, the probability values of the CSGSs are recalculated.

At the first generation (k = 1) of each LP generations,

(=]

= : and = Do : ' (19)

LPxQ LPxQ

After the evolutionary process repeats LP generations, the strategy selection probabilities of the
CSGSs are recalculated based on the statistical data stored in matrices S and F. The probability for
the j'* (j = 1,2, ..., Q) strategy is calculated as follows.

St =32 Sk (20)

. [ & ifSj=0
Sj_{ SJI., othewise (1)
$3=51/(S2+ 25l Frj) (22)
p;=$/x%, 83 (23)

where Sif is the rate of the new solutions generated by the j* strategy and replaced their corre-
sponding pbests successfully within LP generations. Meanwhile, the matrices S and F are initialized
as Eq. (19). The small value ¢ = 0.0001 is used to avoid division by zero. The probabilities are
normalized by Eq. (23) to ensure that they always sum to 1.

Egs. (18)-(23) are employed to generate new probabilities for the CSGSs according to their
performance during LP generations; evolution. The CSGSs are selected according to the new
probabilities. It is obvious that the larger the probability value, the larger probability that the
corresponding CSGS is selected to generate new solutions in the next LP generations.

Algorithm 1 shows the pseudo-code of the SaPSO algorithm.
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Algorithm 1 Pseudo code of the SaPSO algorithm

Initialization:

Set parameter values including number of fitness evaluations (NFE), current number of fitness
evaluations (cFE = 0), population size (ps), Q, p; = 1/Q for each j € {1,2,...,Q}, LP = 10,
nsFlag, nfFlag, Sppxo, FLpxQ, curiter = 0, flagiter = 0, and etc. Initialize the positions and
velocities of each particle. Evaluate each particle and store the pbests and gbest;

while (¢FE < NFE) do

22 foreachi < psdo
3: Select one CSGS from the strategy pool for x; by the roulette wheel selection method
based on {p1, pa, ..., po}. Suppose the ji CSGS is selected. Generate a new particle xrew
by the selected CSGS, and calculate its fitness value;
4: if x[*" is better than x; then
5: nsFlag; j = 1;
6: if x7¢" is better than pbest; then
7: Update pbest; with x7¢";
8: if x["*" is better than gbest then
9: Update gbest with x7¢";
10: end if
11: end if
12: else
13: nfFlag;; = 1;
14: end if
15: ¢cFE =cFE +1;
16: Replace x; with x7¢";
17 end for
18:  curiter = curiter +1;
19: k= curiter — flagiter;
20:  Replace the k" row of S Lpxo With the sum of all the rows in nsFlag;
21:  Replace the k** row of Frpxo with the sum of all the rows in nfFlag;
22:  Initial nsFlag and nfFlag as Eq. (18);
23 if (curiter — flagiter) = LP then
24: flagiter = curiter;
25: Update {p1, p2, ..., po} based on Sy pxo and Frpxo as Egs. (20)-(23);
26: Initial SLPXQ and FLPXQ as Eq. (19);
27 end if
28: end while
Output:
gbest;

4 EXPERIMENT DESIGN

4.1

Datasets and Classification Method

The datasets used in this paper are shown in Table 1, which were chosen from the UCI Machine Learn-

ing Repository [Bache and Lichman 2016]. They are available at http://archive.ics.uci.edu/ml/index.php.

In Table 1, No.1 to No.15 represent Gisette, MicroMass, CNAE, GrammaticalFacialExpression, Se-
meionHand writtenDigit, Isolet5, MultipleFeaturesDigit, HAPT, Har, UJlIndoorLoc, MadelonValid,
OpticalRecognitionofHandWritten, ConnectionistBenchData, WDBC, LungCancer. Besides, NOE,
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NoF, and NoC are abbreviations of number of examples, number of features, and number of classes.
Some instances of several datasets were randomly reduced for saving experimental time, i.e., 519,
1000, 6567, 2852, 211, 2823 instances were reduced for datasets No.6, No.7, No.8, No.9, No.10, No.12,
respectively. The first 5 datasets in Table 1 were used for algorithm design, and for saving time, only
the 4'" to 15" datasets in Table 1 were used to extensively test the performance of the designed
algorithm and the other non-EC methods and EC methods. The datasets consist of different numbers
of examples, features and classes. Each dataset was divided into two partitions: one was used as a
training set, formed by randomly selecting 70% of the examples from the original dataset. The other
partition was used as a test set, and it consists of the remaining examples. The kNN method was
used as the classification method to evaluate the feature subsets generated by the non-EC methods
and EC methods, where k = 3. In this paper, kNN method is used as the classification method since
it is one of the most popular classification algorithms used for feature selection due to its promising
classification performance and simplicity [Xue et al. 2016]. In kNN, 3 fold cross-validation is used
to measure the classification accuracy.

4.2 Experiment Methods and Benchmark Algorithms

The first 5 datasets in Table 1 were used to test the performance of the 25 CSGSs. The approaches
described in Subsection 2 of Section 3 were used to select CSGSs for the strategy pool of SaPSO.
At this stage, we only ran the algorithms with different CSGSs twice in order to save time. The
experimental results were used as the inputs of RPOSM and RPOSM-AHP. Then the sorted sequence
of the 25 CSGSs on each dataset was obtained. From the first CSGS to the eleventh CSGS, by
gradually adding one CSGS one time into the strategy pool, 10 algorithms with different strategy
pool sizes were designed. The 5 datasets were employed again to test the performance of the 10
algorithms. Using RPOSM and RPOSM-AHP on the experimental results, the sorted sequence of
the 10 algorithms was obtained. By analyzing CSGCs of the algorithms at the front of the sequence,
we selected CSGS1, CSGS11, CSGS13, CSGS14 and CSGS15, which were described in Subsection
3 of Section 3, to constitute the final strategy pool, and termed the algorithm that with the final
strategy pool as SaPSO.

Table 1. Information of the Datasets

Datasets NoE NoF NoC DataSets NoE NoF NoC
No.1 1000 5000 2 No.9 900 561 6
No.2 360 1300 2 No.10 900 522 3
No.3 1080 856 9 No.11 600 500 2
No.4 1062 301 2 No.12 1000 64 10
No.5 675 256 10 No.13 208 60 2
No.6 1040 617 26 No.14 596 30 2
No.7 1000 649 10 No.15 32 56 3
No.8 1200 561 12

To further show the effectiveness of SaPSO, non-EC methods (including SFS [Whitney 1971],
SBS[Marill and Green 1963], LRS21(I=2,r=1) [Pudil et al. 1994; Stearns 1976], LRS31(l=3,r=1) [Pudil
et al. 1994; Stearns 1976], LRS32(/=3,r=2) [Pudil et al. 1994; Stearns 1976] SFFS, and SBFS [Pudil
et al. 1994]) and EC methods (including GA [Yang and Honavar 1998], standard PSO [Kennedy
and Eberhart 1995; Xu et al. 2007; Xue et al. 2014a], original PSO [Xue et al. 2014a], DE [Storn and
Price 1997], and SaDE [Qin et al. 2009]) were employed for comparisons. Different from original
PSO, standard PSO has an inertia weight which decreases from 0.9 to 0.4. There are two important
objectives for feature selection, one is the classification accuracy, the other one is the number of
features, i.e. solution size. In fact, a small solution size represents a small training set and a small test
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set. So, a small solution size means less training time and less test time will be spent. Thus, we will
compare the solution sizes, training accuracies, and test accuracies obtained by these algorithms.

4.3 Parameter Settings

The following parameter values were used: for LRS, three groups of parameters were set according
to Ref.[Pudil et al. 1994], i.e., [=2, r=1; [=3, r=1; [=3, r=2. The population size of the algorithm with
only one CSGS or EC methods was set to 100. The dimensionality of particles was equal to the
features in the corresponding dataset in Table 1. The threshold 6=0.6 in the encoding scheme. The
upper boundary of each dimensionality was 1. The low boundary of each dimensionality was 0.
The upper/lower boundary of the velocity is 0.5/-0.5. Moreover, for fair comparisons, we use NFE
as a stop criterion. For saving time, we set the NFE to 500,000 to test the performance of SaPSO
with each of the 25 CSGSs, But in order to thoroughly test the performance of the 10 different
SaPSO algorithms by combining the CSGSs, we set the NFE to 1,200,000. For saving time, the NFE
was set to 1,000,000 for the final SaPSO, GA, standard PSO, original PSO, DE, and SaDE. For the 25
CSGSs, the parameters were set as provided in the original papers. The detailed parameter values
of the comparison algorithms are presented in Table 2. Some particular parameters are explained
as follows: For standard PSO, w € [0.9,0.4] and it decreased gradually with respect to the current
number of NFE. For each CSGS in SaDE, initial CR=0.5, F is selected from normal distribution
with =0.5 and 0=0.3, LP was empirically set to 10. For SaPSO, the initial p; = 0.2, the LP was
empirically set to 10. The 12 datasets which are from the 4" to the 15" datasets of Table 1 were
used to test SaPSO and its counterparts. Each algorithm was run 30 times on each dataset.

Table 2. The Parameter Values of the Comparison Algorithms

Algorithms Parameter values Algorithms  Parameter values

LRS21 [=2;r=1 F=0.5; CR=0.1;

LRS31 1=3; r=1 DE NFE=1,000,000

LRS32 1=3; r=2
CR=0.7; MR=0.1; Initial CR=0.5;

GA SR=0.5; SaDE F € N(0.5,0.3%);
NFE=1,000,000 LP=10; NFE=1,000,000
C1 =C2 = 1.49618;

Original PSO w =0.7298; pj = 0.2; LP=10;
NFE=1,000,000 Pps=100; 0 = 0.6;
C1 =Cy = 1.49618; SaPSO Ub=1; Lb=0;

Standard PSO w € [0.9,0.4]; Ubv=0.5; Lbv=-0.5;
NFE=1,000,000 NFE=1,000,000

5 RESULTS

5.1 Results for the Strategy Pool Design of SaPSO

We have done preliminary experiments of using the 25 CSGSs on the first 5 datasets and obtained
the sorted CSGSs on each dataset by comparing the quality of the solutions found by these CSGSs.
Table 3 shows the first 7 CSGSs in the sorted sequence on each dataset. Limited by the page space,
only 7 CSGSs are listed in each sorted sequence.

Because our focus is solving large-scale feature selection problems, we set the sorted sequence
of datasets as <No.1 No.2 No.3 No.4 No.5>. Therefore, using the experimental results in Table 3
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Table 3. Sorted CSGSs on the first 5 datasets

1 2 3 4 5 6 7

No.1 CSGS15 CSGS14 CSGS13  CSGSo6 CSGS1  CSGS8  CSGS 25
No.2 | CSGS13 CSGS15 CSGS3  CSGS14 CSGS11 CSGS1  CSGSo
NO.3 | CSGS15 CSGS13 CSGS14  CSGS6 GS CSGS7  CSGS2
NO4 | CSGS13 CSGS15 CSGS1  CSGS14 CSGS25 CSGS8  CSGSe6
NO.5 | CSGS15 CSGS14 CSGS13  CSGS6 CSGS8 CSGS3  CSGS 2

@]
w
w

and <No.1 No.2 No.3 No.4 No.5> as inputs for the approaches described in Subsection B of Section
3, we obtained a sorted sequence of the CSGSs. For short, only the used 11 CSGSs are listed as in
Table 4.

Table 4. Sorted CSGSs

NO. 1 2 3 4 5 6 7 8 9 10 1

Sorted
CSG%s CSGS13 CSGS15 CSGS14 CSGS1 CSGS3 CSGS6 CSGS8 CSGS25 CSGS2 CSGS7 CSGS11

The output values of RPOSM-AHP are shown as follows. A max of A; is 5.06, where A; is the
pairwise comparison matrix on criteria level, CI is 0.017. According to AHP, the results are reliable
only when CR < 0.1, and RI is an experimental value, the value can be obtained by finding in table
[Saaty 1990]. RI of five order matrix is 1.12, CR is 0.015<0.1; Amax of A; (I = 2,3, ...,6) is 26.01,
where A; is the pairwise comparison matrix on attribute level, and CI is 0.04, RI of a 9 order matrix
is 1.45, CR=0.027<0.1. Hence, the results are reliable.

Based on the experimental results shown in Table 4, we designed 10 algorithms and numbered
them from ALG 1 to ALG 10 through adding the number of CSGSes. Thus, the strategy pool in
ALGTI consists of the first two strategies in Table 4. The strategy pool in ALG2 consists of the first
three strategies in Table 4, and so on. Hence, the strategy pool of the 10" algorithm consists of
all the strategies in Table 4. We also employed the five datasets to test the 10 algorithms. Table 5
summarizes the mean value of the best fitness values obtained by the 10 algorithms on each dataset.

Table 5. The mean fitness values of the best solutions obtained by different algorithms on the five data sets

Gisette ~ MicroMass CNAE  GrammaticalFacialExpression = SemeionHandwrittenDigit

ALG 1 0.9933 0.9676 0.9342 0.9357 0.9192
ALG 2 0.9933 0.9583 0.928 0.9264 0.9162
ALG 3 0.9933 0.9491 0.9296 0.9262 0.9014
ALG 4 0.9783 0.9398 0.9295 0.9295 0.8843
ALG 5 0.9733 0.926 0.9295 0.9232 0.8867
ALG 6 0.97 0.9583 0.9248 0.928 0.9012
ALG 7 0.9683 0.9398 0.9295 0.9216 0.8894
ALG 8 0.9583 0.9352 0.9296 0.9216 0.8916
ALG 9 0.9567 0.9306 0.9247 0.9263 0.8964
ALG 10 0.9817 0.9537 0.9248 0.9233 0.8963

We employed RPOSM and RPOSM-AHP again to obtain the sorted vector of these 10 algorithms.
The detailed process was omitted to save space, we only list the final results as follows. (ALG1,
ALG2, ALG3, ALG10, ALG4, ALG 6, ALG5, ALG8, ALG7, ALG9). All the first five algorithms
includes CSGS13, CSGS15, CSGS14, and CSGS1. ALG10 was in the fourth position, and CSGS11
was employed in ALG10, which shows that although CSGS11 is ranked the lowest, it works well
together with the top 4 CSGSs to improve the performance. Thus, in the final algorithm, CSGS13,
CSGS15, CSGS14, CSGS1, and CSGS11 were employed to constitute strategy pool of the SaPSO
algorithm. Since the strategy pool of SaPSO is comprised of CSGS13, CSGS15, CSGS14, CSGS1,
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and CSGS11, we employed the same methods to compare SaPSO with CSGS13, CSGS15, CSGS14,
CSGS1, and CSGS11. For saving time, each method was run four times on each dataset. The mean
values of the best classification accuracy values of the methods on the five datasets are given as in
Table 6.

Table 6. The mean fitness values of the best solutions obtained by different SaPSO and its CSGSs on the five
data sets

Gisette ~ MicroMass CNAE  GrammaticalFacialExpression — SemeionHandwrittenDigit

CSGS13 0.9675 0.9676 0.9318 0.9311 0.9069
CSGS15  0.9975 0.963 0.9319 0.9295 0.9251
CSGS14 0.975 0.9491 0.9288 0.9271 0.9067
CSGS1 0.955 0.9468 0.9193 0.9281 0.8804
CSGS11 0.9325 0.9329 0.9083 0.9107 0.8213
SaPSO 0.9975 0.9653 0.9336 0.9311 0.9165

Using the methods in Subection 2 of Section 3, the sorted sequence was obtained as: <SaPSO,
CSGS15, CSGS13, CSGS14, CSGS1, CSGS11>. It is demonstrated that the algorithm with multiple
strategies is better than that only with its separate strategies.

5.2 Computational Results and Comparisons

In this section, we show that SaPSO performs better than non-EC methods (including SFS, SBS,
LRS21, LRS32, SFFS, and SBFS) and other EC methods (including GA, PSO, DE, and SaDE) when
solving feature selection problems. To further test the performance, we tested them on 12 datasets
which are the fourth to the fifteenth datasets in Table 1.

5.2.1 Results of Solution Sizes. The results of solution sizes obtained by the SaPSO algorithm,
SFS, SBS, LRS21, LRS32, SFFS, SBFS, GA, standard PSO, original PSO, DE, and SaDE on the 12
training sets are shown in Tables 7 and 8, in terms of mean values (Mean) of solution sizes, standard
deviations (Std), and reduction rate (%).

In these Tables, ‘SZ’ represents the solution size, i.e., the number of selected features; a statistically
significance test, i.e., T-test, with a confidence level of 95% is used; “T-E’ describes whether existing
statistically significant differences between the SaPSO algorithm and its counterparts, and ‘P’
represents the p-values obtained in the T-tests; ‘+’/*-” means the result of the SaPSO algorithm is
better/worse than the corresponding algorithm with a significant difference, and ‘=" means there
is no significant difference between the SaPSO algorithm and the corresponding algorithm; 7/]
indicates the reduction rate which is increased/decreased by the SaPSO algorithm comparing to
the corresponding algorithm. The best results in terms of solution size are typed in bold.

Because the results of LRS31 and LRS32 are almost the same and space limitation, only the results
of LRS32 are presented. It is shown in Table 7 that SFS, LRS21, LRS32 and SFFS can obtain smaller
solution sizes than SaPSO on almost all the training sets while the solution sizes obtained by SBS
and SBFS are much bigger than SaPSO. Generally speaking, SFS, LRS21, LRS32, SFFS can reduce
more than 90% features while SBF and SBFS can only reduce less than 10% features. The bigger
the number of the features, the smaller the reduction ratio of SBF and SBEFS. It means that the “top
down" search techniques are not suitable for solving the large-scale feature selection problems.
Moreover, Table 7 indicates that non-EC methods are comparatively better on solution sizes. Maybe,
this advantage can be used to develop the EC techniques for feature selection in the future.

It can be observed from Table 8 that the solution sizes obtained by the SaPSO algorithm on
almost all the 12 datasets are smaller than those obtained by GA, standard PSO, original PSO, DE
and SaDE with statistical significant difference. Moreover, on each dataset, there is a statistically
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Table 7. Solution sizes of non-EC methods and SaPSO on training sets

SFS SBS LRS21 LRS32 SFES SBES SaPSO

DS Mean#Std % Mean#Std % Mean=+Std % Mean+Std % Mean+Std % Mean#Std % Mean#Std %
Sz 49+1.4 983 298314 0.8 4.8+1.1 98.4 56413 98.1 57416 981  2984#09 08 771100 743

DSI Tpp <0001 [241  +<0001 1734  -<0001  [240  -<0.001  [237  -<0.001  [237  +<0001 1735

psz SZ 14.845.0 942 254409 0.6 14.0+4.0 94.5 14.1£338 94.4 11.8+24 953  2539%03 08  1075+48 58
TEP <0001 362 +<0001 7574  -<0001 365  -<0001  [364  -<0.001  [373  +<0001  157.1

Ds3 SZ 16.0£3.9 974 6152409 0.2 15.943.0 97.4 16.3£35 973 13.6£2.0 977 614803 03  1593%8.1 741
TEP -<0001 232 +<0001 1739 -<0001 232 -<0001  [23.1  -<0.001  [236  +<0001 1738

Ds4 SZ 10.2+25 984 646.1+0.9 0.4 10.1£2.7 98.4 9.5+24 98.5 10.8£1.6 983 6465%0.6 03 1474149 772
TEP -<0001  [2L1  +<0001 1768  -<0001 211 -<0001  [212  -<0.001  [210  +<0001 1769

Dss SZ 85£2.0 984 559.2+1.1 03 8316 93.5 8.7+2.1 98.4 9.6+2.3 982 5586%0.6 04  1229+156 78
TEP -<0001  [204  +<0001 1777 -<0001 204  -<0001  [203  -<0.001  [202  +<0001  177.6

Dss SZ 77423 98.6  559.3%1.0 03 7.1:16 93.7 7.1£2.1 98.7 9.0£23 983 5589+03 03  1230+158 78
TEP -<0001  [205  +<0001 1777 -<0001 206  -<0001  [206  -<0.001  [203  +<0001  177.6

ps7 SZ 1.8+04 996 521.0+0.0 0.1 2,0£0.0 99.6 2,0£0.0 996 2.040.4 996  5198£06 04 34+41 993
TEP -0.0419 103 +<0001 1991 =0.072 102 =0.072 02 =0.073 102 +<0001 1989

Dss SZ 31424 993 498.1+0.9 03 57427 98.8 37+25 992 65420 986 4978404 04  1118+108  77.6
TEP -<0001 217 +<0001 1772 -<0001  [212  -<0001  [216  -<0.001  [210  +<0001 1771

DSy SZ 153425 76 624408 24 15.443.1 75.8 14.9+2.6 76.6 97425 847 617+0.6 35 32817 486
TEP -<0001 274 +<0001 462  -<0001  [27.2  -<0001  [280  -<0.001  [360  +<0001 7450

Dsto SZ 41416 93.1 58.120.9 3 45415 92.3 3.9+12 933 4416 92.6 577405 37 182425 696
TEP -<0001 235 +<0001 7666  -<0.001  [227  -<0001  [237  -<0001  [230  +<0001 1658

DSt SZ 3.4£10 88.5 28.420.7 5.2 35410 88.2 33+1.1 89 3110 89.5 278+03 71 9.9+2.3 67
TEP <0001 J215 <0001 (617 -<0001  [212  -<0.001 |20  -<0.001 225  +<0001 159
S 3.1+14 94.4 54.120.8 3.2 2910 94.7 33£14 94.1 35417 93.7 538+0.4 38 115%£25 794

DS12 TRp -,<0.001 1150 +<0001 1761 -<0.001 1153 -<0.001 l147 - <0001 1143 +<0001 1755

Note: DS represents data sets. DST to DS12 represent the fourth to the fifteenth datasets in Table 1. The real number in the T-E row means
the percentage of the reduced features which is enhanced by the SaPSO algorithm.

Table 8. Solution sizes of EC methods on training sets

GA Original PSO Standard PSO DE SaDE SaPSO

DS Mean=+Std % Mean=+Std % Mean=+Std % Mean=+Std % Mean=+Std % Mean=+Std %
SZ 124.6+13.8 58.6 123.7+10.1 58.8 121.0+8.0 59.8 121.7+8.4 59.5 114.0+7.7 62.1 77.1+10.1 74.3

DS1 rEgp +,<0.001 115.7 +,<0.001 115.4 +,<0.001 114.5 +,<0.001 114.8 +,<0.001 112.2

psz 5% 188.1+22.5 26.5 150.0+13.9 413 165.3+15.8 35.4 110.9+17.2 56.6 108.3+7.2 57.6 107.5+4.8 58
T-E,P +,<0.001 131.4 +,<0.001 1T16.6 +,<0.001 T22.5 =03 T1.3 =,0.61 To.3

bs3 52 339.3+51.6 45 262.3+20.8 57.4 286.9+36.8 53.4 244.5+11.4 60.3 233.6+9.9 62.1 159.3+8.1 74.1
T-EP +,<0.001 129.1 +,<0.001 116.7 +,<0.001 120.6 +,<0.001 1T13.8 +,<0.001 T12.0

Ds4 SZ 333.8+48.5 48.5 294.3+24.6 54.6 299.9+24.0 53.7 252.7+12.7 61 249.3+11.2 61.5 147.4+14.9 77.2
T-EP +,<0.001 128.7 +,<0.001 122.6 +,<0.001 123.5 +,<0.001 T16.2 +,<0.001 T15.7

Ds; SZ 324.9+54.8 42 273.5+24.4 51.2 286.8+31.2 48.8 227.0+11.6 59.5 220.2+11.7 60.7 122.9+15.6 78
T-EP +,<0.001 136.0 +,<0.001 126.8 +,<0.001 129.2 +,<0.001 118.5 +,<0.001 1173

Dse 5% 342.1+49.9 39 289.3+29.2 48.4 308.9+34.7 44.9 224.1+11.6 60 216.5+10.8 61.3 123.0+15.8 78
T-EP +,<0.001 139.0 +,<0.001 129.6 +,<0.001 133.1 +,<0.001 118.0 +,<0.001 T16.6

ps; 5% 225.4+45.0 56.8 85.4+8.8 83.6 23.0+6.7 95.5 171.2+2.9 67.1 155.7+4.5 70.1 3.4+4.1 99.3
T-EP +,<0.001 T42.5 +,<0.001 115.7 +,<0.001 13.7 +,<0.001 132.1 +,<0.001 129.1

Dss SZ 290.6+54.1 418 228.9%20.6 54.2 255.9+38.4 48.8 201.0+11.6 59.7 185.8+10.5 62.8 111.8+10.8 77.6
T-EP +,<0.001 135.7 +,<0.001 123.4 +,<0.001 128.8 +,<0.001 117.8 +,<0.001 T14.8

Dso  SZ 42.2+4.3 34 39.9+2.7 37.6 42.8+3.3 33.1 36.4+7.2 43 34.5+3.1 46 32.8+1.7 48.6
T-E,P +,<0.001 T14.6 +,<0.001 110.9 +,<0.001 T15.5 +,0.0119 15.6 +,0.0115 T2.5

psio SZ 23.1+3.7 61.4 21.543.7 64.1 23.4+3.0 60.8 21.442.7 64.2 20.2+3.2 66.2 18.2+2.5 69.6
T-EP +,<0.001 18.2 +,<0.001 15.5 +,<0.001 18.7 +,<0.001 153 +,0.00926 13.4

psi1 5% 13.4+3.6 55.1 13.4+2.3 55.3 15.0+3.4 50 11.3+2.1 62.1 11.3+1.8 62.3 9.9+23 67
T-E,P +,<0.001 T11.8 +,<0.001 T11.6 +,<0.001 T17.0 +,0.0168 1T4.8 +,0.0112 T4.6
Sz 17.0£4.5 69.5 18.3+3.6 67.2 17.2+3.9 69.2 19.6+3.8 65 18.6+4.0 66.7 11.5+2.5 79.4

DS12 Tgp +,<0.001 19.8 +,<0.001 T12.1 +,<0.001 T10.1 +,<0.001 T14.4 +,<0.001 T12.6

significant difference between the SaPSO algorithm and the other algorithms. As seen from Table 8
that, for one dataset (DS7), the SaPSO algorithm can reduce more than 90% of features; for seven
datasets (DS1, DS3, DS4, DS5, DS6, DS8, DS12), the feature reduction rate is 70% to 80%; for two
datasets (DS10, DS11), the reduced features take up 60% to 70%; and for the remaining two datasets
(DS2, DS9), the feature reduction rate is 50% to 60% and 40% to 50%, respectively. Therefore, the
SaPSO algorithm can reduce 70% to 80% of features in most cases. By comparing the reduction rate
between SaPSO and the other EC methods, it can be observed that the ratios are enhanced by 10%
to 30% on most datasets.

5.2.2  Results of Classification Accuracy on Training Sets and Test Sets. The training classification
accuracies and test classification accuracies obtained by the non-EC and EC methods on the 12
training datasets and the corresponding test datasets are presented in Tables 9, 10 11, and 12 in
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terms of mean values and standard deviations of classification accuracies. The best mean value on
each dataset is typed in bold. In these tables, ‘CA’ represents the classification accuracy.

Table 9. Classification accuracies of non-EC methods and SaPSO on training sets

SFS SBS LRS21 LRS32 SFFS SBFS SaPSO
DS Mean=+Std Mean=Std Mean+Std Mean+Std Mean+Std Mean=+Std Mean=+Std
CA 0.89290.0082 0.8147+0.0113 0.8924:0.0078 0.8965+0.0077 0.90020.0051 0.817040.0108 0.9159:0.0026
DSt TEgp +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001
psz CA 0.68320.0492 0.847120.0041 0.6772+0.0511 0.6822+0.0453 0.639620.0350 0.847520.0034 0.9031:0.0049
T-EP +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001
ps3  CA 0.748120.0392 0.761520.0041 0.7460+0.0277 0.7475+0.0361 0.6949+0.0363 0.75990.0033 0.8899:+0.0025
T-E,P +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001
psa  CA 0.84490.0208 0.949320.0017 0.84530.0209 0.8373+0.0193 0.9194:0.0150 0.947820.0030 0.9831+0.0015
T-E,P +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001
pss  CA 0.924420.0111 0.9192:0.0022 0.92610.0081 0.9266+0.0120 0.92820.0074 0.918520.0020 0.9693:+0.0043
T-E,P +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001
pss  CA 0.9200%0.0110 0.913420.0031 0.91960.0091 0.9170+0.0114 0.9268+0.0119 0.913740.0031 0.9745+0.0048
T-EP +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001
psy  CA 1.0000::0.0000 1.0000:£0.0000 1.0000:£0.0000 1.00000.0000 1.0000::0.0000 1.0000::0.0000 1.0000:£0.0000
T-EP =NaN =NaN =NaN =NaN =NaN =NaN
pss  CA 0.6595+0.0858 0.715520.0072 0.7392+0.1062 0.6803+0.0804 0.8160+0.0399 0.714520.0060 0.8722+0.0050
T-EP +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001
Do CA 0.9482+0.0108 0.9675+0.0021 0.9490+0.0116 0.9470+0.0121 0.8185+0.0737 0.9676%0.0028 0.9863:0.0009
T-EP +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001
bsio CA 0.847620.0230 0.80950.0093 0.8492+0.0190 0.84440.0181 0.8540+0.0243 0.8080+0.0111 0.9537+0.0086
T-EP +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001
bsii CA 0.941920.0052 0.94740.0023 0.94520.0046 0.94490.0051 0.94420.0060 0.94660.0024 0.9682:+0.0033
T-EP +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001
CA 0.7300+0.0657 0.6440+0.0223 0.7167+0.0460 0.7419+0.0514 0.7470+0.0481 0.6315%0.0253 0.9310+0.0192
DS12 Tgp +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001
Table 10. Classification accuracies of EC mothods on training sets
GA Original PSO Standard PSO DE SaDE SaPSO
bs Mean=Std Mean=Std Mean=Std Mean=Std Mean=Std Mean=Std
CA 0.907840.0035 0.910740.0022 0.912740.0040 0.8988:0.0024 0.902940.0023 0.9159:0.0026
DS1 TEgp +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001
psz CA 0.8702:0.0057 0.875320.0041 0.8809::0.0060 0.8464::0.0034 0.8510:0.0044 0.9031:0.0049
T-EP +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001
ps3  CA 0.82052:0.0076 0.84462:0.0089 0.84950.0138 0.79410.0035 0.8059::0.0047 0.8899::0.0025
T-EP +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001
psa  CA 0.9688:0.0029 0.97052:0.0034 0.9734:0.0041 0.95850.0017 0.96102:0.0017 0.98310.0015
T-EP +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001
pss  CA 0.946740.0032 0.95104:0.0027 0.952940.0024 0.9351:0.0020 0.9391:0.0020 0.96930.0043
T-EP +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001
pss  CA 0.93792:0.0056 0.942920.0056 0.94762:0.0064 0.92620.0028 0.9296:0.0025 0.9745+0.0048
T-E,P +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001
psy  CA 1.0000::0.0000 1.0000::0.0000 1.00000.0000 1.0000:0.0000 1.0000::0.0000 1.0000::0.0000
T-EP =NaN =NaN =NaN =NaN =NaN
pss  CA 0.783720.0116 0.815720.0110 0.822120.0169 0.7608:0.0082 0.772420.0046 0.8722+0.0050
T-EP +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001
pso  CA 0.9860+0.0018 0.9838+0.0018 0.9849+0.0019 0.96930.0023 0.9748+0.0016 0.9863:0.0009
T-EP =042 +,<0.001 +,<0.001 +,<0.001 +,<0.001
psio CA 0.944740.0108 0.9467+0.0114 0.94610.0146 0.90240.0055 0.9124::0.0062 0.9537+0.0086
T-EP +,<0.001 +0.00962 +0.0178 +,<0.001 +,<0.001
psi1 CA 0.965740.0035 0.96700.0037 0.96650.0042 0.96440.0013 0.9658+0.0014 0.9682+0.0033
T-EP +,0.00611 =0.19 =,0.087 +,<0.001 +,<0.001
CA 0.935520.0289 0.943120.0232 0.9484:+0.0303 0.87180.0245 0.885520.0211 0.931020.0192
DS12 Tgp =048 -0.0319 -,0.0106 +,<0.001 +,<0.001

It is shown in Table 9 that SaPSO can get better classification accuracies than all of SFS, SBS,
LRS21, LRS32, SFFS and SBFS on 11 training sets with statistical significant difference. SaPSO and all
the other non-EC algorithms obtain the same results on 1 training set. The performance of SaPSO
is better than the non-EC algorithms in terms of training accuracy. In fact, SFS, LRS21, LRS32 and
SFFS belong to the “bottom-up" search technique while SBS and SBFS belong to the “top-down"
search technique. The “bottom-up" search technique adds better features to an empty set while the
“top-down" search technique removes worse features from a complete set. It means the classification
accuracy increases as either increasing the solution size from zero or decreasing the solution size
from the total number of features. Nevertheless, many local optima will be experienced during
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this process. However, both “bottom-up" and “top-down" techniques can only obtain few solutions
because they are heuristic search techniques. They add or remove a feature separately and greedily.
In fact, the individually good features may not be included in the optimal set, and vice versa, the
individually bad features may not be excluded from the optimal set. Hence, the greedy search
techniques easily get trapped in local optima from different directions, and the “bottom-up" search
techniques always get the solutions with small sizes while the “top-down" search techniques always
get the solutions with big solution sizes. Starting the search with one or multiple medium solution
sizes, and searching along different directions may be a better search technique for feature selection
problems. This may be a reason why SaPSO performs more efficient than the other algorithms.

Table 11. Classification accuracies of non-EC methods and SaPSO on test sets

SFS SBS LRS21 LRS32 SFFS SBFS SaPSO

DS Mean=Std Mean=Std Mean=+Std Mean=+Std Mean=+Std Mean=+Std Mean=Std
CA 0.844740.0133 0.730120.0313 0.8471+0.0150 0.8446+0.0169 0.816520.0211 0.731940.0333 0.8448+0.0157

DSt Tgp =098 +,<0.001 =056 =0.96 +,<0.001 +,<0.001

bs2  CA 0.547820.0663 0.7994+0.0167 0.5495+0.0613 0.5542+0.0587 0.4355:£0.0548 0.7991£0.0188 0.77950.0216
T-EP +,<0.001 -,<0.001 +,<0.001 +,<0.001 +,<0.001 -,<0.001

bs;  CA 0.656820.0498 0.714420.0162 0.65620.0482 0.65860.0505 0.462020.0578 0.713920.0167 0.81060.0167
T-E,P +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001

psa  CA 0.766620.0261 0.9308:0.0090 0.7598+0.0242 0.76090.0250 0.844420.0374 0.9308:0.0087 0.9388::0.0092
T-E,P +,<0.001 +,0.00121 +,<0.001 +,<0.001 +,<0.001 +,0.00102

bss  CA 0.852040.0220 0.847940.0130 0.853120.0185 0.8516+0.0219 0.776420.0253 0.844920.0127 0.8814+0.0121
T-E,P +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001

bss  CA 0.87020.0204 0.8545+0.0144 0.8779+0.0165 0.8720+0.0267 0.801740.0397 0.855420.0162 0.9140-0.0212
T-EP +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001

bs;  CA 0.9981:0.0032 0.9996::0.0011 0.9974+0.0038 0.99890.0021 0.997940.0029 0.999320.0022 0.99862:0.0026
T-EP =,0.51 =,0.06 =0.16 =,0.62 =033 =0.27

pss  CA 0.540020.0728 0.617320.0291 0.6029+0.1033 0.5797+0.0779 0.648220.0673 0.614120.0325 0.68630.0351
T-E,P +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,0.00865 +,<0.001

bso  CA 0.883320.0216 0.931740.0084 0.884320.0244 0.88310.0287 0.724820.0789 0.931920.0111 0.93640.0107
T-EP +,<0.001 =,0.064 +,<0.001 +,<0.001 +,<0.001 =012

bsio CA 0.6634+0.0498 0.6513+0.0624 0.66080.0581 0.6456+0.0391 0.6649+0.0737 0.649420.0595 0.7005+0.0511
T-EP +,0.00608 +,0.00149 +,0.00677 +,<0.001 +,0.0343 +,<0.001

bsii CA 0.86220.0248 0.8887+0.0148 0.8774+0.0293 0.8719+0.0300 0.888120.0513 0.888120.0141 0.9099+0.0135
T-EP +,<0.001 +,<0.001 +,<0.001 +,<0.001 +0.0312 +,<0.001
CA 0.4870:0.2037 0.6204:0.0990 0.441720.1694 0.41390.1892 0.4269+0.1658 0.59262:0.1085 0.51020.1442

DS12 Tgp =,0.61 -,0.00113 =,0.097 +,0.0308 +,0.0424 -0.0155

Table 12. Classification accuracies of EC methods on test sets
GA Original PSO Standard PSO DE SaDE SaPSO

bs Mean=+Std Mean=+Std Mean=+Std Mean=+Std Mean=+Std Mean=+Std
cA 0.85130.0151 0.844920.0131 0.850740.0126 0.85060.0133 0.847020.0117 0.844820.0157

DS1 Tgp =0.11 =,0.98 =0.11 =0.13 =,0.54

bsz  CA 0.787240.0201 0.782120.0272 0.7892:£0.0254 0.76902:0.0207 0.7685+0.0183 0.779520.0216
T-EP =0.16 =0.68 =0.12 =,0.059 +,0.0377

bss  CA 0.748740.0258 0.787520.0232 0.777740.0202 0.737520.0214 0.753420.0223 0.8106::0.0167
T-E,P +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001

psa  CA 0.935620.0091 0.932740.0105 0.9348+0.0125 0.93004:0.0106 0.933420.0104 0.93880.0092
T-EP =0.18 +,0.02 =0.16 +0.00112 +,0.0375

bss  CA 0.853040.0159 0.858520.0146 0.8599::0.0152 0.84962:0.0199 0.850420.0172 0.88140.0121
T-E,P +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001

pse  CA 0.867940.0146 0.872740.0156 0.87130.0174 0.863040.0212 0.8673+0.0243 0.91400.0212
T-EP +,<0.001 +,<0.001 +,<0.001 +,<0.001 +,<0.001

bsy  CA 0.99624:0.0053 0.9901:0.0064 0.9952::0.0043 0.9908::0.0082 0.9919+0.0103 0.9986::0.0026
T-EP +,0.0314 +,<0.001 +,<0.001 +,<0.001 +,0.00155

bss  CA 0.642120.0291 0.659820.0352 0.65030.0402 0.64000.0357 0.6387+0.0346 0.6863+0.0351
T-EP +,<0.001 +,0.00498 +,<0.001 +,<0.001 +,<0.001

bso  CA 0.931240.0097 0.927820.0098 0.9324:0.0078 0.9187+0.0135 0.9247+0.0136 0.93640.0107
T-EP =,0.053 +,0.00195 =0.1 +,<0.001 +,<0.001

bsio CA 0.690820.0556 0.697240.0462 0.68040.0423 0.6779+0.0442 0.684120.0553 0.70050.0511
T-EP =048 =0.79 =0.1 =,0.072 =0.24

bs11  CA 0.912520.0232 0.91620.0191 0.9092::0.0213 0.9021::0.0200 0.902120.0127 0.9099+0.0135
T-EP =06 -0.15 =088 -,0.083 +,0.0248
cA 0.475020.1602 0.456520.1211 0.4565+0.1348 0.485240.1523 0.448120.1446 0.51020.1442

DS12 - Tgp =037 =0.12 =0.14 =0.52 =0.1

Table 10 shows that the SaPSO algorithm performs better than the other EC methods in terms of
classification accuracy with statistical significant difference on most of the training sets. Besides, it
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is observed from Table 10 that the robustness of SaPSO is good since the standard deviations of
SaPSO on most datasets are small. The results indicate that the self-adaptive mechanism and the
efficient CSGSs in the strategy pool make SaPSO efficient in solving feature selection problems.

As can be seen from Table 11, for most test sets SaPSO performs better than SFS, SBS, LRS21,
LRS32, SFFS, and SBFS respectively. Occasionally, SaPSO performs worse that SBS and SBFS. It can
be seen from Table 12 that the classification accuracy of the SaPSO algorithm is higher than that
of GA on 5 test sets, similar to that of GA on 7 test sets; the classification accuracy of the SaPSO
algorithm is higher than that of original PSO on 7 test sets, similar to that of original PSO on 5 test
sets. Similarly, the classification accuracy of the SaPSO algorithm is higher than that of standard
PSO on 5 test sets, similar to that of standard PSO on 7 test sets; the classification accuracy of the
SaPSO algorithm is higher than that of DE on 7 test sets, similar to that of DE on 5 test sets; the
classification accuracy of the SaPSO algorithm is higher than that of SaDE on 9 test sets, similar to
that of SaDE on 3 test sets. The standard deviations of SaPSO on the test sets are small. Overall, the
performance of the SaPSO is better than the other EC methods on the test sets.

5.2.3 Convergence Performance of the EC Methods on the Training Sets. The convergence perfor-
mance of the six EC methods on training sets is shown in Fig. 3. (Note: the scales along Y axis
are different for different graphs, and the experimental results in Fig. 3 are statistical, i.e., for
each algorithm, the mean values of the results of its 30 independent runs were firstly calculated
then plotted). By comparing the convergence curves of the algorithms, it is observed that most
algorithms have similar performance at the initial stage because the same initialization method is
used for all the algorithms. However, at the early stage, the SaPSO algorithm converges faster than
GA, original PSO, standard PSO, DE, and SaDE to the solutions which with both small sizes and
higher classification accuracies on most datasets. At the later stages, although the convergence
performance of all the algorithms decreases significantly, the classification accuracy obtained by the
SaPSO algorithm become higher and higher while the classification accuracy of other algorithms
changes very little on most datasets, meanwhile the solution size obtained by SaPSO is much smaller
than that of the other algorithms. Thus, the SaPSO algorithm has a better diversity property instead
of stagnating into a local optimum. Besides, it is observed that there exist obvious distinctions
between SaPSO and the other algorithms.

For small-scale training sets, i.e., the last four datasets, although the difference of classification
accuracy among the six algorithms is not obvious, SaPSO can obtain the solutions that with much
smaller sizes. For most large-scale feature selection problems, SaPSO can obtain the solutions with
a high classification accuracy and a small size. The advantage of the SaPSO algorithm becomes
increasingly prominent as the dimensionality of the datasets increases. Perhaps this is because
there are few local optima in the small solution space of a feature selection problem. Hence, this
kind of problem is not very difficult to solve by a common EC method. Thus, the SaPSO algorithm,
GA, original PSO, standard PSO, DE and SaDE have similar performance on small-scale feature
selection problems. However, with the dimensionality of the datasets increasing, an increasing
number of local optima appear in the increasingly huge solution space. Therefore, the problem
becomes increasingly difficult to solve, and a technique such as the SaPSO algorithm may be more
useful to solve feature selection problems with a large-scale dimensionality.

We have already got a conclusion from Table 8 that more than 70% of the features are irrelevant
or redundant in most cases. If the irrelevant or redundant features are added into a feature set, many
solutions with different sizes but with the same accuracy will be generated in the solution space.
For example, suppose that there are 3 relevant features and 7 irrelevant features. The 7 irrelevant
features generate more than 1000 redundant solutions or local optima for the 3 relevant features.
Therefore, in most cases, optima exist in a small solution space, while the space is separated or
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surrounded by many local optima that occupy huge space. Therefore, it is observed that the six
algorithms find many solutions that have different solution sizes but the same classification accuracy.
Regardless of the classification accuracy, the solution size obtained by the SaPSO algorithm is
obviously smaller than that of the other algorithms. It is because the SaPSO algorithm not only
has a better exploration property but also a better exploitation property, which is due to the
multiple efficient CSGSs, and they are used adaptively in the SaPSO algorithm. Therefore, the
SaPSO algorithm is an efficient technique not only for small-scale feature selection problems but
also for large-scale feature selection problems. Particularly on large-scale feature selection problems,
its advantages become more and more prominent.

By comparing the classification accuracy and solution size of the other algorithms, we observed
that, in most cases, the classification accuracy of GA, original PSO and standard PSO is higher than
that of DE and SaDE. Unfortunately, the solution size of GA, original PSO and standard PSO is
worse than that of DE and SaDE. Our goal is to obtain the solutions with not only small solution
size but also high classification accuracy. However, most existing algorithms are good at only one
objective. By comparing SaPSO with SaDE, it is obviously observed that SaPSO is better than SaDE
on most datasets. The results indicate that the SaPSO algorithm is an effective technique to solve
feature selection problems, particularly large-scale feature selection problems. This is because
effective CSGSs are employed in SaPSO, and it indicates that the strategy selecting method is useful
for strategy pool design.

5.2.4 Changing Tendency of Selection Probabilities of the CSGSs. To investigate the effectiveness of
the self-adaptive mechanism in the SaPSO algorithm, the changing curves of the strategy selection
probabilities are plotted as shown in Fig. 4. Each subgraph means the changing tendency of the
selection probabilities of the CSGSs on each dataset. In each subgraph, the x axis represents the
number of generations, the y axis represents the value of the selection probability, and one curve
means the changing selection probability of one CSGS. Taking the third subgraph for example, the
red curve represents the selection probability of CSGS01. At the beginning, it is selected at the
probability of about 0.2. After 200 generations, it is selected at the probability of more than 0.5, and
the selection probability sometimes arrives at 0.8. Similarly, the blue curve represents the selection
probability of CSGS03. At the beginning, it is selected at the probability of 0.2 as well. But it is
never selected after 200 generations since its selection probability becomes zero. For observing
convenience, only the first 500 generations of the curves are plotted. It is observed from Fig. 4 that
all the probabilities change during all the evolutionary processes on all datasets. This phenomenon
indicates not only that all CSGSs are used but also that the performance of the CSGSs changes
at different evolutionary stages. The self-adaptive mechanism can select the most suitable CSGS
at different evolution stages. We can see that the probability of the first CSGS is greater than the
other CSGSs on some datasets whereas it is less than most of the others on other datasets. It is
because different feature selection problems have different properties. However, the self-adaptive
mechanism can select the most suitable CSGS during different evolution stages.

6 CONCLUSIONS

The objectives of this paper were to design a self-adaptive algorithm, to carry out theoretical
study of designing the strategy pool, and to investigate whether a self-adaptive PSO algorithm can
achieve good performance for feature selection, especially for large-scale feature selection. These
objectives have been successfully achieved as shown by a set of experiments on datasets of varying
difficulties.

In this paper, we analyzed the properties of the feature selection. We found that feature selection
is different from other common combinatorial optimization problems, i.e. there are more irrelevant
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Fig. 4. Changing curves of strategy selection probabilities on DS1-DS12.

features than relevant features in the datasets, and the large number of irrelevant features generates
more local optima in the huge solution space. Thus, a feature selection problem becomes more
difficult to solve as the dimensionality increases. In addition, large-scale feature selection problems
with different datasets often have different properties. In order to solve the large-scale feature
selection problems effectively, we proposed an improved AHP approach to solve the basic problems
of designing a self-adaptive based EC method. The SaPSO algorithm was proposed using a simple
self-adaptive framework. The experiments were conducted on 15 datasets. 12 of the them were
further employed to test the performance of SaPSO and its counterparts. The experimental results
showed that the SaPSO algorithm could reduce 70% to 80% of the features in most cases. By
comparing the SaPSO algorithm with the other four EC methods, the reduction ratios were enhanced
by 10% to 30% on most datasets. Moreover, the SaPSO algorithm is better than the other algorithms
in the terms of classification accuracy on both the training set and the test set. Furthermore, the
performance of the SaPSO algorithm becomes increasingly better than the other algorithms as the
dimensionality of the datasets increases.
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In the future work, we will implement more state-of-the-art EC based feature selection methods,
and do more comparison experiments on more datasets to investigate the performance of SaPSO.
In addition, because feature selection can be treated as a two-objective or three-objective problem,
we will investigate the properties of the multi-objective feature selection and propose a new
multi-objective algorithm based on SaPSO to solve large-scale multi-objective feature selection
problems.
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Appendix

Table 1. References and formulas of the 25 CSGSs

No. Reference Formula Brief information
1 [Xueet al. 20142] | 27T =al, + ;" (1) | w=0.7298.
Vi = w X ol e X X (pia — 2h) + e X 70 X (pga — ahy) (2)
2 [Xue et al. 2014a] | alj " =al, + 0]} (3)
Vi = vt e X i X (pia = Tha) + c2 X 721 X (pya = 74y (4
3 [Xueet al. 2014a] | 2l " =al;+0;" (5) [wel09,05].
t+1 _ t t t
Vg =W X Uig+ 1 X T X (Pia — Tia) + €2 X 72i X (Pga — Tia) (6)
4 [Li et al. 2012] of = wol +17- (pbest] — z) (1) | w=10.9,0.5], p=2.0.
N
5 [Li et al. 2012] of = vl N(0,1) (8) | wherevl,, = Y "UZ‘/N,
k=1
N(0,1) is a random number generated from a normal distribution.
6 Li et al. 2012] of = wol +77- (pbest?,,; — 27 (9) | pbest?, ,; is the personal best of a random particle.
7 Li et al. 2012 of = wol +7- 7 - (gbest” — z) (10) | This strategy is used to perform learning from the global best.
8 [Beheshti et al. 2015] | pypeq = (Plbestis Plvestis = Pivesti) (11)
ul(t+1) = w(t) x vf(t) + Cu(t) x rands X (pheqi(t) - 2(6)+
ea(t) x randy X (pfhessi() = 2 () (12)
9 [Du and Li 2008] | wvia(t +1) = sgn(r — 0.5)(wvia(t) + c1ra(pia — wia(t))+ (13)
cars(pga — zid(t))
-1, t<0
sg(t)=¢ 0, t=0 (14)
1, t>0
10 [Wang et al. 2013] Xig1 =11 X+ 1o pesti + 73 (Xe — Xa) (15) | where X, and X are the position vectors of two random particles.
11 [Wang et al. 2013] | Xip1 =71+ Xi +ra- gesti + 713 (Xe — Xa) (16)
12 | [Wangetal 2011] | Viad ¢ X{ - X7 (17)
¢=N(0.5,0.2) (18)
Vi e x Viad! + ¢ x (phest! — X{) (19)
13 | [Wangetal 2011] | = 2-ONOI, COL) (20)
Vi ¢ (meanf — X$)+ (7)
%\/(pbestf —mean?)’ + (X4 - mean?)’ + (X¢ - meant)’ (21)
14 [Liang et al. 2006] V8w x V4 ¢ x rand? (pbesthd) -X7) (22)
15 | [Wang et al. 2011] | V7w x V7 + 05 x ¢ x rand; X (phest] ) = X + phest] — X7) (23)
16 [Xue et al. 2014b] | F = N(0.5,0.2) (24) | where N(0.5,0.2) is a random number.
Ab;' + Ab,, + F x (Ab,, — Ab,,) (25)
o+ AbY if d € randSel(D)
Ab; _{ Abf« otherwise )
f min(2lf - Abf.uf ,if Ahf < lf -
Ab; :{ max(2u —Abf(lf)), if Ab > o )
17 [Xue et al. 2014b] | Ab;" < Ab,, +rand x (Ab,, — Ab,,) + F x (Ab,, — Ab,;) (28)
18 [Xue et al. 2014b] | F=U(0.6,1) (29) | where U(0.6,1)is a uniformly distributed random number between 0.6 and 1.
Ab;{ + Ab; +rand x (Ab,, — Ab,,) + F x (Ab,, — Ab,,) (30)
19 [Xue et al. 2014b] | ¢=U(0,2) (31)
Ab? « Ab! +cx (Ab! - AbY) (32)
2 | [Qinetal 2009 | ui;= { Iy £ Faryg =2y, W rand0,1) < CRorj = rana (33)
Tij, otherwise
Tig+ F o (Thest,j — Tig) T F - (@r1j = Trg ) + F + (Trgj — Try 5),
21 [Qin et al. 2009] Uij = if rand[0,1) < CRor j = jrana (34)
Tij, otherwise
Tyt F (O — IT:M) +F - (an, - Irm)«
2 [Qin et al. 2009] | wij = if rand[0,1) < CRor j = jrand (35)
Tij, otherwise
23 [Qin et al. 2009] | Uig=Xictk- (Xry,6-Xio)F - (Xrp.6—Xrg6) (36)
24 [Liang et al. 2006] | vf = wvf +cxrand’ (pbest?(d) -X9 (37)
25 [Zhan et al. 2011] | vig = X[via + c1r1d(pid — Tia) + car2d(Prd — Tid)] (33)
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