
Gaussian Transformation based Representation in
Particle Swarm Optimisation for Feature Selection

Hoai Bach Nguyen1, Bing Xue1, Ivy Liu2, Peter Andreae1, and Mengjie Zhang1

1 School of Engineering and Computer Science
2 School of Mathematics, Statistics and Operations Research

Victoria University of Wellington, PO Box 600, Wellington 6140, New Zealand
Email:{nguyenhoai2, Bing.Xue, Peter.Andreae, Mengjie.Zhang}@ecs.vuw.ac.nz,

Ivy.Liu@msor.vuw.ac.nz

Abstract. In classification, feature selection is an important but challenging task,
which requires a powerful search technique. Particle swarm optimisation (PSO)
has recently gained much attention for solving feature selection problems, but the
current representation typically forms a high-dimensional search space. A new
representation based on feature clusters was recently proposed to reduce the di-
mensionality and improve the performance, but it does not form a smooth fitness
landscape, which may limit the performance of PSO. This paper proposes a new
Gaussian based transformation rule for interpreting a particle as a feature subset,
which is combined with the feature cluster based representation to develop a new
PSO-based feature selection algorithm. The proposed algorithm is examined and
compared with two recent PSO-based algorithms, where the first uses a Gaussian
based updating mechanism and the conventional representation, and the second
uses the feature cluster representation without using Gaussian distribution. Exper-
iments on commonly used datasets of varying difficulty show that the proposed
algorithm achieves better performance than the other two algorithms in terms of
the classification performance and the number of features in both the training sets
and the test sets. Further analyses show that the Gaussian transformation rule im-
proves the stability, i.e. selecting similar features in different independent runs
and almost always selects the most important features.

Keywords: Particle swarm optimisation, Feature selection, Representation, Gaus-
sian distribution, Classification.

1 Introduction

In real-world classification problems, the dataset often has a large number of features,
but not all features are relevant to the target concept. Irrelevant and redundant features
are not useful for classification, but may reduce the performance due to “the curse of di-
mensionality” [1]. Feature selection is the process of selecting a small subset of relevant
features to reduce the dimensionality with the goal of increasing or at least maintaining
the classification performance while speeding up the classification process [2].

Feature selection is a challenging task due mainly to two reasons: a large solution
space and feature interaction. The space of possible feature subsets is the power set of
the features, hence there are 2n possible feature subsets for a dataset with n features.



If all features were completely independent, an efficient greedy algorithm could search
this space fast by identifying and removing irrelevant features, leaving only the most
useful features. However, feature interaction means that individually relevant features
may become redundant and individually weakly relevant features may become highly
relevant when combined with other features [1]. Therefore, finding an effective way to
deal with feature interaction is critical in feature selection. Research in statistical data
analysis also involves interaction between features. A newly developed statistical model
[4, 5] considers interaction between features to group similar features into clusters and
dissimilar features into different clusters. Using this feature clustering information has
shown to improve feature selection performance [6, 7].

Even with such information, a powerful search algorithm is still needed to find the
optimal feature subsets. Although different types of search techniques have been ap-
plied to features selection [1, 2], existing approaches still suffer from the problem of
being stagnation in local optima. Evolutionary computation (EC) techniques are well-
known for their promising search ability, and have been applied to feature selection
tasks with some success, such as genetic algorithms (GAs) [8], particle swarm opti-
misation (PSO) [9–12], and differential evolution (DE) [13]. However, many EC al-
gorithms (including PSO, GAs, and DE) use a representation scheme with the same
length/dimensionality as the number of features n, which forms a huge search space
and limits the performance of these algorithms particularly when it is large.

Nguyen et al. [7] propose a feature cluster based representation which significantly
reduces the dimensionality of the search space. The proposed algorithm, named PSOR,
[7] achieved better performance than a standard PSO-based algorithm, a PSO-based
algorithm published in 2014 [9], and two typical conventional non-EC based feature
selection algorithms. However, there is a potential limitation in that representation be-
cause the fitness landscape is not smooth (Details in Section 2.2). The performance of
PSO can be significantly improved if the problem is encoded/represented in a search
space with a smooth fitness landscape. This work aims to address this limitation and
proposes a new algorithm to further improve the performance of PSO for feature selec-
tion.

1.1 Goals

The overall goal of this paper is to develop a new PSO algorithm for feature selection
to reduce the dimensionality of the data and increase the classification performance. To
achieve this goal, Gaussian distribution is introduced to the feature cluster based repre-
sentation to smooth the fitness landscape, based on which a new PSO-based approach
is proposed. The proposed algorithm involves the feature cluster based representation
and the Gaussian distribution. It is examined and compared with two PSO-based al-
gorithms: PSOR [7] that uses the feature cluster based representation without Gaussian
distribution, and a PSO-based algorithm named GPSO [6] that uses a Gaussian distribu-
tion based updating mechanism but with the conventional representation. Specifically,
we seek to show that

– the feature cluster based representation can improve feature selection performance
by comparing the proposed algorithm with GPSO,



– the Gaussian distribution can improve the representation by comparing the pro-
posed algorithm with PSOR, and

– the combination of the feature cluster based representation and the Gaussian distri-
bution can further improve feature selection performance.

2 Background

2.1 Particle Swarm Optimisation (PSO)

Particle swarm optimisation (PSO) [14] is an EC method inspired by social behaviours,
such as bird flocking and fish schooling. When using PSO to solve a problem, the so-
lution is optimised by using a population, swarm, of candidate solutions, which are
called particles. Each particle moves in the search space by updating its position as
well as velocity. The current position of particle i is represented by a vector xi =
(xi1, xi2, . . . , xiD), where D is the dimensionality of the search space. These positions
are updated by using another vector, called velocity vi = (vi1, vi2, . . . , viD), where
each element is limited by a predefined maximum velocity: vid ∈ [−vmax, vmax]. Dur-
ing the search process, each particle maintains a record of the position of its best per-
formance as far, called pbest. It also records the best solution among the pbests of its
neighbours, called gbest. At the tth iteration in the search process, the velocity and
position of each particle are updated according Equations (1) and (2):

vt+1
id = w ∗ vtid + c1 ∗ ri1 ∗ (pbestid − xtid) + c2 ∗ ri2 ∗ (gbestid − xtid) (1)

xt+1
id = xtid + vt+1

id (2)

where d is the dth dimension, w is inertia weight, c1 and c2 are acceleration constants,
ri1 and ri2 are random values uniformly distributed in [0,1].

2.2 Representation in PSO for Feature Selection

In PSO for feature selection, each particle represents a subset of features and its position
is typically specified by an n−dimensional vector, where each dimension corresponds
to one feature in the dataset. Each element of the position vector is a real valued num-
ber between [0, 1], which represents a confidence level that the corresponding feature
is selected. The feature subset is typically constructed by selecting each feature if the
confidence level is above a predefined threshold θ. Most EC techniques, such as GAs,
DE, and artificial bee colony, use a similar representation. However, such a representa-
tion has a potential limitation in that it leads to a very high-dimensional search space
when n is large.

Although the representation is an important component in PSO (or EC), there has
been little work on developing new representations in PSO for feature selection. One
of the major challenges is that it is hard to develop a representation suitable for the
updating mechanisms. Only small modifications have been made on the original repre-
sentation. Some work has added further dimensions to the search space by including the



parameters of the classifier in the position vector [10, 15, 12]. This cannot overcome the
limitation of the original representation, but further increases the dimensionality and
expands the search space even more.

Nguyen et al. [7] proposed a new feature cluster based representation with the di-
mensionality much smaller than n, where a statistical feature clustering model [4, 5]
was applied as a pre-processing step to partition the features into c clusters. PSO was
then used to select features from each cluster with a limit of at most √nj features
from a cluster j containing nj features. The size of the clusters were n1, n2, ... , nc,
then the maximum number of selected features was

∑c
j=1

√
nj , which was also the di-

mensionality of the particle position vectors. This is usually much smaller than n. The
dimensions of the position vector were partitioned for the clusters so that the dimen-
sions from

∑j−1
k=1(
√
nk + 1) to

∑j
k=1(
√
nk + 1) correspond to cluster j. To interpret

a particle position vector as a feature subset, each element of the position vector speci-
fied a feature from its corresponding cluster. The interval xi ∈ [0, 1] was segmented to
(nj + 1) subranges, each corresponding to one feature in the j cluster except the last
subrange that corresponds to no feature. If a position value xid belongs to one of the
first nj subranges, the corresponding feature will be selected. If xid belongs to the last
subrange, no feature is selected from cluster j. More details about this representation
can be found in [7].

The representation in [7] can successfully reduce the dimensionality of the search
space and improve the performance, but has a limitation that it forms a unsmooth fitness
landscape, which significantly influences the performance of PSO. In particular, as a
position element changes within a subrange, there is no difference to the feature subset,
but there will be sudden change to chose a different feature when the element crosses
the boundary of the subrange. Suppose a feature f corresponds to the range [0.4, 0.6].
For three position values, p1 = 0.42, p2 = 0.58 and p3 = 0.62, p1 and p2 will select
feature f and p3 will not. However, p3 is closer to p2 than p1. This means during the
search process of PSO, a relatively big change from p1 to p2 on a particle’s position will
not result in any change in its fitness value, but a relatively small change from p2 to p3
will suddenly change the fitness value. In other words, using the transformation rule, the
fitness landscape of the feature selection problem is not smooth. Given that the proposed
feature cluster based representation has achieved significantly better performance than
PSO using the conventional representation [7], addressing this limitation is highly likely
to further improve the performance.

3 Proposed Algorithm: GPSOR

This section proposes a new transformation rule for interpreting a position vector as
a feature subset to address the limitation in the cluster based representation of PSOR.
The new representation is expected to add more meaning to the movement of particles
during the search process and form a smoother fitness landscape. In this work, the same
statistical feature clustering model [4, 5] is applied as a pre-processing step to partition
features into different clusters.

The length of the representation in this paper is the same as in [7], which is
∑c
j=1

√
nj .

The nj features in cluster j are represented by √nj dimensions in the position vector.



Each element of the vector specifies one of the features in the corresponding cluster
to be included in the solution. The key difference is that the value of a position vector
element is used to specify a feature in a probabilistic manner, using a Gaussian distribu-
tion to obtain a smoother search space. The interval [0, 1] is also divided into (nj + 1)
subrange and the length of each subrange is s = 1/(nj + 1). The first nj subranges
correspond to the nj features in cluster j and the last subrange corresponds to no feature
being selected (in case all features in the cluster are irrelevant). A position value still
has a corresponding feature depending on which subrange it belongs to. The difference
here from [7] relies on developing a new transformation rule, which is a key factor in
the representation to smooth the fitness landscape. To achieve this, Gaussian distribu-
tion (i.e. normal distribution, Equation 3) is introduced here to interpret position values.
Instead of directly determining which feature is selected, a position value is used to
calculate the probabilities of features being selected through the Gaussian distribution.

f(x, µ, σ) =
1

σ
√
2π
e−(x−µ)2/2σ2

(3)

3.1 Constructing Gaussian Transformation Rule

The PSOR algorithm interprets a value in the position vector of a particle as a feature to
be included in the feature subset. Which feature to be included is determined by iden-
tifying which subrange of [0,1] the position value lies in. The limitation of the PSOR
algorithm is that small changes in a position value have no effect on the feature subset
(and therefore the fitness value) until the value crosses the boundary of the subrange
into the subrange corresponding to the next feature, at which point there is a sudden
(non-smooth) change in the feature subset and the fitness value. GPSOR addresses this
limitation by using the same representation as PSOR, but adding a small amount of
Gaussian noise to each value in the position vector before identifying which subrange
it is in, and therefore the feature it is specifying. This Gaussian noise means that as a
value in the position vector approaches the boundary of a subrange, it has an increas-
ing probability of specifying a neighbouring feature. The effect is to smooth the search
space and provide an early indication of when the particle is moving towards a better
(or worse) position in the search space.

The Gaussian noise for a value xid is currently generated from a Gaussian distribu-
tion with a standard deviation fixed at 1% of the width of subranges (ie, σd=1

100∗(1+
√

(nj))
,

where nj is the size of the feature cluster corresponding to dimension d ). This ensures
that if a position vector xid is in the center of a subrange, the probability of selecting
the feature corresponding to that subrange is about 99%, but as xid gets close to the
boundary of the subrange, the probability decreases smoothly to around 50%. Fig. 1
illustrates the distribution of xid = 0.58 with the Gaussian noise for a feature cluster
containing 4 features.

3.2 Selection of Features

The introduction of Gaussian distribution makes the position value and the move of
particles more meaningful than directly using the position value to select a feature.
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Fig. 1: Effect of applying the Gaussian distribution

This section discusses the details of how to use the Gaussian transformation rule to
translate position values to features. For a position value corresponds to cluster j with
nj features, the selection of features from cluster j is determined according to following
three steps:

– build a Gaussian distribution function, f(x, µ, σ), using the position value as µ and
0.01 ∗ s, where s = 1/(nj + 1), as σ;

– use the inverse transform sampling method to generate a random number r ∈ (0, 1)
according to f(x, µ, σ);

– r is used to determine which feature is selected from a certain cluster. A feature is
selected if r falls into its corresponding sub-interval.

Based on the built Gaussian distribution, the random number r is likely to fall into
the same sub-interval with the original position value, but has a chance with different
probabilities to fall into other sub-intervals to select other features. For three position
values, p1 = 0.5, p2 = 0.58 and p3 = 0.62, their corresponding features are f3, f3
and f4, respectively. If using the transformation rule in [7], p1 and p2 will select f3,
and p3 will select f4. This means a big move in the position from p1 to p2 does not
change the solution, but a small move from p2 to p3 changes the solution. By using the
proposed transformation rule, p1 will be mostly likely to generate a random number to
select f3. p2 will have a much lower probability than p1 to select f3, but p2 has a similar
probability to p3 to select f3 (or f4). This means that solutions are gradually changed
according to the position value, which makes the move of particles more meaningful
and is expected to achieve better performance.

3.3 Pseudo-code of the Algorithm
Based on the proposed Gaussian based transformation rule, a PSO-based feature selec-
tion algorithm named GPSOR is proposed here. The pseudo-code of GPSOR is shown
in Algorithm 1. The fitness function of GPSOR is to minimise the classification error
rate of the classifier built using the selected features, which is calculated by the Equation
(4).



Algorithm 1 : Pseudo-code of GPSOR
1: begin
2: randomly initialise the position and velocity of each particle;
3: initialise a feature subset BFS with the empty feature set;
4: while Maximum iteration is not reached do
5: for each particle in the swarm do
6: decode the position to a feature subset using the Gaussian distribution;
7: evaluate the fitness based on the selected features;
8: replace BFS with the feature subset decoded from gbest if it is better;
9: end for

10: update pbest and gbest of each particle;
11: for i = 1 to Population size do
12: update vi of particle i according to Equation 1;
13: update xi of particle i according to Equation 2;
14: end for
15: end while
16: calculate the training and testing classification accuracy using BFS
17: return BFS, the training and testing classification accuracies;
18: end

Fitness =
fp+ fn

tp+ tn+ fp+ fn
(4)

where tp, tn, fp, and fn denote true positives, true negatives, false positives, and false
negatives, respectively.

4 Experimental Design
The proposed algorithm (GPSOR) is examined and compared with two PSO approaches,
PSOR [7] using the cluster based representation without using Gaussian distribution,
and GPSO [6] using the traditional representation and Gaussian distribution, where
Gaussian distribution was used to determine how many features to be selected from a
feature cluster. All the three methods use the statistical clustering model [4, 5] as a pre-
processing step to partition features into different clusters. The statistical model is not
described here since it is not the focus of this paper and details can be seen from [4, 5].
Since PSOR [7] has shown to be superior to two recent PSO algorithms without using
statistical clustering and two conventional methods, GPSOR is also better than them
if GPSOR can achieve better performance than PSOR. Therefore, the results of these
algorithms are not listed here due to page limit.

Eight datasets (Table 1) chosen from the UCI machine learning repository [16] are
used in the experiments. These datasets have different numbers of features, classes and
instances. For each dataset, all instances are randomly divided into a training set and a
test set, which contains 70% and 30% of the instances, respectively. In the experiments,
the classification/learning algorithm is K-nearest neighbour (KNN) where K = 5. The
parameters of PSO are set as follows [17]: w = 0.7298, c1 = c2 = 1.49618, vmax = 6.0,
population size is 30, the maximum number of iterations is 100. The fully connected
topology is used. All the three algorithms have been run for 30 independent times on



Table 1: Datasets
Dataset #features #clusters #classes #instances
Wine 13 6 3 178
Vehicle 18 6 4 846
Ionosphere 34 11 2 351
Sonar 60 12 2 208
Musk1 166 14 2 476
Arrhythmia 279 15 16 452
Madelon 500 11 2 4400
Multiple Features 649 15 10 2000

each dataset. A statistical significance test, Wilcoxon test with significance level as 0.05,
is performed to compare between the classification accuracies of different algorithms.

5 Experimental Results

Table 2 shows the experimental results, where “All” means that all the available features
are used for classification. “Ave-size” shows the average number of selected features
over the 30 runs. “Ave” and “Std” illustrate the average and standard deviation of the
training or testing accuracies over the 30 independent runs. “Test” shows the results of
the statistical significance tests between the accuracy of GPSOR and other algorithms.
“+” or “-” means that the compared algorithm is significantly better or worse than GP-
SOR. “=” means there is no significant difference.

5.1 Effectiveness of the GPSOR Search
To evaluate the effectiveness of the new representation in searching for an optimal fit-
ness value, we need to look at the performance of GPSOR on the training set.

All the three PSO-based algorithms aim to minimise the training classification error
rate (i.e. maximise the training accuracy). From Table 2, it can be observed that GPSOR
achieved significantly better training performance than using all features, GPSO, and
PSOR in almost all cases. Only on the Multiple Features dataset, there is no significant
difference between the training accuracy of using all features, GPSO and GPSOR. The
reason is that the training accuracy is already very high when using the original feature
set, i.e. 99.35%, which is hard to make significant improvement. The training results
in Table 2 show that GPSOR using the representation with a lower dimensionality and
the Gaussian distribution based transformation rule can better represent the problem
and facilitate the search to significantly improve the performance of PSO for feature
selection.

5.2 Comparison with PSO-based Algorithms on the Test Set

According to Table 2, the number of features selected by GPSOR is much smaller than
the total number of features, but using the selected features only, the KNN classification
algorithm achieved significantly better classification accuracy than using all features in



Table 2: Experimental Results
Dataset Method Ave-Size

Test Set Training Set
Ave±Std Test Ave±Std Test

Wine All 13 76.54 - 87.63 -
GPSO 5.4 96.59 ± 2.76 - 96.71 ± 7.77E-14 -
PSOR 4.75 96.70 ± 3.1 - 95.05 ± 0.58 -
GPSOR 4.60 97.70 ± 2.52 97.37 ± 0.42

Vehicle All 18 83.86 - 88.17 -
GPSO 8.94 84.30 ± 0.62 - 86.11 ± 0.2 -
PSOR 5.87 84.72 ± 0.87 = 84.61 ± 0.56 -
GPSOR 7.30 84.74 ± 0.49 90.10 ± 0.4

Ionosphere All 34 83.81 - 85.77 -
GPSO 7.66 89.5 ± 1.68 + 91.59 ± 0.47 -
PSOR 9.7 88.63 ± 1.68 + 90.04 ± 0.99 -
GPSOR 3.17 86.89 ± 1.8 93.90 ± 0.67

Sonar All 60 76.19 - 83.44 -
GPSO 17.64 78.19 ± 4.14 = 86.74 ± 0.94 -
PSOR 14.33 78.94 ± 4.02 = 87.01 ± 2 -
GPSOR 10.17 78.25 ± 2.96 90.67 ± 1.6

Musk1 All 166 83.92 - 92.19 -
GPSO 39.64 84.95 ± 2.73 + 90.02 ± 0.6 -
PSOR 35.03 83.12 ± 3.41 = 89.78 ± 1.25 -
GPSOR 38.93 83.29 ± 2.48 93.22 ± 1.37

Arrhythmia All 279 94.46 - 94.79 -
GPSO 45.5 94.85 ± 0.34 - 94.87 ± 0.09 -
PSOR 44.17 94.96 ± 0.38 - 95.11 ± 0.2 -
GPSOR 42.03 95.12 ± 0.34 95.75 ± 0.18

Madelon All 500 70.9 - 83.24 -
GPSO 36.08 85.68 ± 1.1 + 85.45 ± 0.73 -
PSOR 54.39 83.40 ± 2 - 83.73 ± 1.74 -
GPSOR 51.17 84.06 ± 1.65 89.20 ± 1.41

Multiple All 649 98.63 - 99.35 =
Features GPSO 91.4 99.01 ± 0.13 = 99.38 ± 0.38 =

PSOR 51.07 98.84 ± 0.18 = 99.17 ± 0.09 -
GPSOR 51 98.86 ± 0.17 99.36 ± 0.07

all cases. For example, on the Madelon dataset, GPSOR selected on average 51 features
from the original 500 features, but achieved a significant increase in the classification
accuracy of 13%. The results suggest that the proposed GPSOR algorithm using Gaus-
sian transformation rule based representation can successfully explore the search space
to remove redundant and irrelevant features and increase the classification accuracy.

Comparing GPSOR with GPSO both of which used the statistical clustering in-
formation and Gaussian distribution, it can be observed that GPSOR selected fewer
features than GPSO on seven out of the eight datasets, where the only exception is the
Madelon dataset. GPSOR achieved significantly higher or similar classification accu-
racy than GPSO on five of the eight datasets. On the Ionosphere, Musk1 and Made-
lon datasets, GPSOR selected a smaller number of features than GPSO on the Iono-
sphere and Musk1 datasets, where GPSO achieved higher accuracy than GPSOR. On
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Fig. 2: NO. of runs that each feature was selected by PSOR and GPSOR.

the Madelon dataset, GPSO outperformed GPSOR in terms of both the number of fea-
tures and the test accuracy, but according the performance on the training set, an over-
fitting problem may happen since GPSOR achieved much better training classification
accuracy than GPSO. On the Multiple Features datasets, since the accuracy of using all
features is very high, both GPSO and GPSOR could not significantly increase the train-
ing performance. However, since GPSOR removed redundant and irrelevant features,
the selected small features subsets have better generalisation on the unseen test set than
the original large feature set and significantly improved the test accuracy. The results
suggest that GPSOR using the representation with a lower dimensionality can make the
problem to be better addressed by PSO to achieve higher classification performance.
Meanwhile, the representation in GPSOR limits the maximum number of features se-
lected from each cluster, which successfully helped it reduce the chance of selecting a
large feature subset.

Comparing GPSOR with PSOR both of which using the statistical clustering in-
formation and the cluster based representation, GPSOR selected a smaller number of
features than PSOR on six of the eight datasets, and achieved similar or significantly
higher classification accuracy on seven of the eight datasets. The only excepted dataset
where PSOR achieved better classification performance than GPSOR is the Ionosphere
dataset, but the number of features selected by GPSOR is about three times smaller than
that of PSOR. The results suggest that in most cases, by introducing Gaussian distribu-
tion to the representation to transform a position vector to a feature subset, GPSOR can
further improve the performance in terms of the both the classification performance and
the number of features.

5.3 Further Discussions

Fig. 2 takes the Wine dataset as an example showing the features selected by PSOR
and GPSOR in the 30 independent runs. The horizontal axis shows the index of the 13
features and the vertical axis shows the number of runs (numbers above the bars) that a
feature is selected by PSOR or GPSOR in the 30 independent runs.

According to Fig. 2, the features selected by PSOR from the highest to the lowest
frequency are Features 10, 7, 1, 3, 2, 6, 12, 11, 8, 4, 9, 5, and 13, while the order is
Features 1, 10, 7, 6, 9, 12, 2, 4, 3, 11, 8, 5, and 13 for GPSOR. It can be observed
that Features 10, 7 and 1 are important features since they were frequently selected by



both PSOR and GPSOR. In contrast, Features 5 and 13 are most likely useless since
they were not selected by the two algorithms at all. To further confirm this, a further
comparison with an existing paper [18], where the importance of individual features in
the Wine dataset were discussed through a single feature ranking method (not a PSO-
based method). It shows that from the most important to the least important, the ranking
is Features 7, 10, 12, 1, 9, 11, 6, 2, 13, 5, 4, 3, and 8. Therefore, it further suggests that
both PSOR and GPSOR can select the important features (e.g. Features 7 and 10) to
reduce the dimensionality of the dataset and improve the classification performance.

According to Table 2, the average number of features selected by PSOR and GPSOR
in the 30 runs are almost the same, which are 4.75 and 4.60. However, as can be seen
from Fig. 2, the important features, Features 10, 7 and 1, were more frequently selected
by GPSOR than by PSOR. This means that PSOR has a higher probability of selecting
less important features than GPSOR in some runs. It also shows that the similarity (or
consistency) between the 30 feature subsets selected by GPSOR in the 30 runs is higher
than that of PSOR, which suggests GPSOR is more stable than PSOR. The high stability
of GPSOR over PSOR was also reflected in Table 2 by the smaller standard deviation
values. High stability is very important for a feature selection algorithm, which is key
for users to identify and choose important features. The superior stability of GPSOR is
mainly contributed by the introduction of the Gaussian distribution, which gives imme-
diate and effective feedback to small movements of particles during the search process.
In contrast, in PSOR, if a movement is not big enough to jump from one sub-interval
to another, the fitness value of the particle will not change. Small movements toward a
promising region in the search space might not be encouraged in PSOR. This limits the
search ability and it is easy to be stuck into different local optima, which leads to more
various feature subsets (i.e. lower stability) produced by PSOR than GPSOR.

6 Conclusions and Future Work

The goal of this paper was to develop a new PSO-based approach to feature selection
with the expectation of reducing the number of features and increasing the classifica-
tion performance. The goal has been successfully achieved by proposing a Gaussian
distribution based transformation rule to interpret position vectors as feature subsets
in a feature cluster based representation scheme, which smooths the fitness landscape
and makes the movement of the particles more meaningful. The proposed algorithm,
GPSOR, was compared with two recently developed algorithms, PSOR and GPSO,
on commonly used classification tasks of varying difficulty. The experimental results
show that the proposed algorithm was able to achieve better performance than these
two algorithms in terms of the number of features and the classification performance.
Further analyses showed that GPSOR using the Gaussian based transformation rule
also increased the stability, i.e. selecting features more consistent than PSOR through
different runs.

In many areas, such as gene analyses, the number of features often reaches to thou-
sands or tens of thousands, which are referred to large scale problems. Feature selection
is more important and more challenging than with hundreds of features. A novel rep-
resentation to reduce the dimensionality is essential. Therefore, we intend to develop



novel EC-based approaches to solving such large-scale feature selection problems by
investigating novel representation schemes and search mechanisms in the future.
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