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a b s t r a c t

Rough set theory is one of the effective methods to feature selection, which can preserve the meaning of
the features. The essence of rough set approach to feature selection is to find a subset of the original fea-
tures. Since finding a minimal subset of the features is a NP-hard problem, it is necessary to investigate
effective and efficient heuristic algorithms. Ant colony optimization (ACO) has been successfully applied
to many difficult combinatorial problems like quadratic assignment, traveling salesman, scheduling, etc.
It is particularly attractive for feature selection since there is no heuristic information that can guide
search to the optimal minimal subset every time. However, ants can discover the best feature combina-
tions as they traverse the graph. In this paper, we propose a new rough set approach to feature selection
based on ACO, which adopts mutual information based feature significance as heuristic information. A
novel feature selection algorithm is also given. Jensen and Shen proposed a ACO-based feature selection
approach which starts from a random feature. Our approach starts from the feature core, which changes
the complete graph to a smaller one. To verify the efficiency of our algorithm, experiments are carried out
on some standard UCI datasets. The results demonstrate that our algorithm can provide efficient solution
to find a minimal subset of the features.

� 2009 Elsevier B.V. All rights reserved.
1. Introduction

Feature selection can be viewed as one of the most fundamental
problems in the field of machine learning. The main aim of feature
selection is to determine a minimal feature subset from a problem
domain while retaining a suitably high accuracy in representing
the original features (Dash and Liu, 1997). In real world problems,
feature selection is a must due to the abundance of noisy, irrele-
vant or misleading features (Jensen, 2005). By removing these fac-
tors, learning from data techniques can benefit greatly. As Liu
pointed out in (Liu and Motoda, 1998), the motivation of feature
selection in data mining and machine learning is to: reduce the
dimensionality of feature space, improve the predictive accuracy
of a classification algorithm, and improve the visualization and
the comprehensibility of the induced concepts.

In recent years, a lot of feature selection methods have been
proposed. There are two key issues in constructing a feature
selection method: search strategies and evaluating measures.
With respect to search strategies, complete (Somol et al.,
2004), heuristic (Zhong and Dong, 2001), random (Raymer
et al., 2000; Lai et al., 2006) strategies were proposed. And with
respect to evaluating measures, these methods can be roughly
divided into two classes: classifiers-specific (Kohavi, 1994; Gu-
ll rights reserved.

: +86 21 69589359.
yon et al., 2002; Neumann et al., 2005; Gasca et al., 2006; Xie
et al., 2006) and classifier independent (Kira and Rendell,
1992; Modrzejewski, 1993; Dash and Liu, 2003). The former em-
ploys a learning algorithm to evaluate the goodness of selected
features based on the classification accuracies or contribution
to the classification boundary, such as the so-called wrapper
method (Kohavi, 1994) and weight based algorithms (Guyon
et al., 2002; Xie et al., 2006). While the latter constructs a clas-
sifier independent measure to evaluate the significance of fea-
tures, such as inter-class distance (Kira and Rendell, 1992)
mutual information (Yao, 2003; Miao and Hou, 2004), depen-
dence measure (Modrzejewski, 1993) and consistency measure
(Dash and Liu, 2003).

Rough set theory (RST) was proposed by Pawlak (1982), which
is a valid mathematic tool to handle imprecision, uncertainty and
vagueness. As an effective method to feature selection, rough sets
can preserve the meaning of the features. It has been widely ap-
plied in many fields such as machine learning (Swiniarski and
Skowron, 2003), data mining (Duan et al., 2007), etc. (Mi et al.,
2004). The essence of rough set approach to feature selection is
to find a subset of the original features. Rough set theory pro-
vides a mathematical tool that can be used to find out all possible
feature subsets. Unfortunately, the number of possible subsets is
always very large when N is large because there are 2N subsets
for N features. Hence examining exhaustively all subsets of fea-
tures for selecting the optimal one is NP-hard. Previous methods
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employed an incremental hill-climbing (greedy) algorithm to se-
lect feature (Hu, 1995; Deogun et al., 1998). However, this often
led to a non-minimal feature combination. Therefore, many
researchers have shifted to metaheuristic, such as genetic algo-
rithm (GA) (Wrblewski, 1995; Zhai et al., 2002), tabu search
(TS) (Hedar et al., 2006) and ant colony optimization (ACO) (Dor-
igo and Caro, 1999; Jensen and Shen, 2003; Jensen and Shen,
2004), etc.

ACO is a metaheuristic inspired by the behavior of real ants in
their search for the shortest path to food sources. Metaheuristic
optimization algorithm based on ACO was introduced in the early
1990s byDorigo and Caro (1999). ACO is a branch of newly devel-
oped form of artificial intelligence called Swarm Intelligence,
which studies ‘‘the emergent collective intelligence of groups of
simple agents” (Bonabeau et al., 1999). ACO algorithm is inspired
of ant’s social behavior. Ants have no sight and are capable of
finding the shortest route between a food source and their nest
by chemical materials called pheromone that they leave when
moving. ACO algorithm was firstly used in solving traveling sales-
man problem (TSP) (Dorigo et al., 1996). Then has been success-
fully applied to a large number of difficult problems like the
quadratic assignment problem (QAP) (Maniezzo and Colorni,
1999), routing in telecommunication networks, graph coloring
problems, scheduling, feature selection, etc. ACO is particularly
attractive for feature selection since there is no heuristic informa-
tion that can guide search to the optimal minimal subset every
time. On the other hand, if features are represented as a graph,
ants can discover the best feature combinations as they traverse
the graph.

Since most common methods for RST-based feature selection
often led to a non-minimal feature combination. In this paper we
propose a novel feature selection algorithm based on rough sets
and ACO, which adopts mutual information based feature signifi-
cance as heuristic information for ACO. We also introduce the con-
cept of feature core to the algorithm, by requiring that all ants
must start from the core, when they begin their search through
the feature space. Therefore those features near the core will be se-
lected by the ants more quickly. The performance of our algorithm
will be compared with that of RST-based algorithms and other
metaheuristic-based algorithms.

This paper is organized as follows. In Sections 2 and 3, we intro-
duce some preliminaries in rough set theory and ACO. In Section 4,
we propose the approach to feature selection based on rough sets
and ACO. And the pseudo-code of our algorithm is also given.
Experimental results are given in Sections 5 and 6 concludes the
paper.
2. Preliminary

2.1. Preliminary concepts of RST

This section recalls some essential definitions from RST that are
used for feature selection. Detailed description and formal defini-
tions of the theory can be found in (Pawlak, 1982).

The notion of information table has been studied by many
authors as a simple knowledge representation method. Formally,
an information table is a quadruple I ¼ ðU;A;V ; f Þ, where: U is a
nonempty finite set of objects, A is a nonempty finite set of fea-
tures, V is the union of feature domains such that V ¼

S
a2AVa for

Va denotes the value domain of feature a, any a 2 A determines a
function fa : U ! Va,where Va is the set of values of a.

With any B # A, there is an associated equivalence relation
INDðBÞ:

INDðBÞ ¼ fðx; yÞ 2 U � Uj8a 2 B; f ðx; aÞ ¼ f ðy; aÞg: ð1Þ
The partition of U, generated by INDðBÞ is denoted U=INDðBÞ and can
be calculated as follows:

U=INDðBÞ ¼ �fa 2 B : U=INDðfagÞg; ð2Þ

where

R� S ¼ fX
\

Y : 8R 2 X 8S 2 Y; X
\

Y – £g: ð3Þ

Given an information table I ¼ ðU;A;V ; f Þ, for a subset X # U and
equivalence relation INDðBÞ, the B� lower and B� upper approxi-
mations of X are defined, respectively, as follows:

B�ðXÞ ¼ fx 2 U : ½x�B # Xg; ð4Þ
B�ðXÞ ¼ fx 2 U : ½x�B

\
X – /g: ð5Þ

Let P;Q � A be equivalence relations over U, then the positive,neg-
ative and boundary regions can be defined as

POSPðQÞ ¼
[

X2U=INDðQÞ
P�ðXÞ; ð6Þ

NEGPðQÞ ¼ U �
[

X2U=INDðQÞ
P�ðXÞ; ð7Þ

BNDPðQÞ ¼
[

X2U=INDðQÞ
P�ðXÞ �

[
X2U=INDðQÞ

P�ðXÞ: ð8Þ

An important issue in data analysis is discovering dependencies be-
tween features. Dependency can be defined in the following way.
For P;Q � A, P depends totally on Q , if and only if INDðPÞ#
INDðQÞ. That means that the partition generated by P is finer than
the partition generated by Q . We say that Q depends on P in a de-
gree lPðQÞ (0 6 lPðQÞ 6 1), if

lPðQÞ ¼ jPOSPðQÞj=jUj: ð9Þ

If lPðQÞ ¼ 1, Q depends totally on P, if 0 < lPðQÞ < 1, Q depends
partially on P, and if lPðQÞ ¼ 0 then Q does not depend on P. Depen-
dency degree l can be used as heuristics in greedy algorithms to
compute feature reduction.

More specially, DT ¼ ðU;C
S

D;V ; f Þ is called a decision table if
A ¼ C

S
D in an information table, where C is the set of condition

features, D is the set of decision features. The degree of dependency
between condition and decision features, lCðDÞ, is called the qual-
ity of approximation of classification,induced by the set of decision
features.

The goal of feature reduction is to remove redundant features so
that the reduced set provides the same quality of classification as
the original.A reduct is defined as a subset R of the conditional fea-
ture set C such that lRðDÞ ¼ lCðDÞ. A given decision table may have
many feature reducts, the set of all reducts is defined as

Red ¼ fR # CjlRðDÞ ¼ lCðDÞ8B � R;lBðDÞ– lCðDÞg ð10Þ

In rough set feature reduction,a reduct with minimal cardinality is
searched for.An attempt is made to locate a single element of the
minimal reduct set Rmin # Red

Rmin ¼ fR 2 Redj8R0 2 Red; jRj 6 jR0jg: ð11Þ
2.2. QUICKREDUCT feature selection

The problem of finding a feature reduct of a decision table has
been the subject of much research. The QUICKREDUCT algorithm
given in (Jensen and Shen, 2003), attempts to calculate a minimal
reduct without exhaustively generating all possible subsets. It
starts from an empty set and adds in turn, one at a time, those fea-
tures that result in the greatest increase in dependency degree, un-
til this produces its maximum possible value for the dataset.
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Algorithm QUICKREDUCT

Input: a decision table DT ¼ ðU;C
S

D;V ; f Þ
Output: a feature reduct R

(1)
 Initial the feature reduct R ¼ / and a temporary variable

T ¼ /

(2)
 Do

(3)
 {

(4)
 T ¼ R

(5)
 For every x 2 fC � Rg

(6)
 { S

(7)
 If lR

S
fxgðDÞ > lTðDÞ, Then T ¼ R fxg
(8)
 }

(9)
 R ¼ T

(10)
 } Until lRðDÞ ¼¼ lCðDÞ

(11)
 Output R
According to the QUICKREDUCT algorithm, the dependency de-
gree of each feature is calculated, and the best candidate chosen.
However, it is not guaranteed to find a minimal feature set as its
too greedy. Using the dependency degree to discriminate between
candidates may lead the search down a non-minimal path.

Moreover, in some cases, QUICKREDUCT algorithm cannot find
a feature reduct that satisfies the strict definition in Section 2.1,
that is the feature subset discovered may contain irrelevant fea-
tures. The classification accuracy may be degraded when designing
a classifier using the feature subset with irrelevant features.

2.3. Mutual information based feature selection

In feature selection problems, the relevant features contain
important information about output, whereas the irrelevant fea-
tures contain little information regarding output. The task for fea-
ture selection is to find those input features that contain as much
information about output as possible. For this purpose, Shannon’s
information theory (Shannon and Weaver, 1949) provides us a fea-
sible way to measure the information of data set with entropy and
mutual information (Miao and Hou, 2004; Miao and Wang, 1997).

Entropy can be used as an information measure of information
table for feature selection. If initially only probabilistic knowledge
about classes is given, then the uncertainty associated with the
information table can be measured by entropy.

Definition 1. Let I ¼ ðU;A;V ; f Þ be an information table. For any
subset B # A of features, let U=INDðBÞ ¼ fX1;X2; . . . ;Xng denote the
partition induced by equivalence relation INDðBÞ. The information
entropy HðBÞ of feature set B is defined as

HðBÞ ¼ �
Xn

i¼1

pðXiÞlog2pðXiÞ; ð12Þ

where pðXiÞ ¼ jXij=jUj, 1 6 i 6 n, jXij is the cardinality of Xi.

Definition 2. Let DT ¼ ðU; C
S

D;V ; f Þ be a decision table,
U=INDðCÞ ¼ fX1;X2; . . . ;Xng and U=INDðDÞ ¼ fY1;Y2; . . . ;Ymg
denote the partitions induced by equivalence relations INDðCÞ
and INDðDÞ, respectively. The conditional entropy of D conditioned
to C is defined as

HðDjCÞ ¼ �
Xn

i¼1

pðXiÞ
Xm

j¼1

pðYjjXiÞlog2pðYjjXiÞ; ð13Þ

where pðXiÞ ¼ jXij=jUj , pðYjjXiÞ ¼ jXi
T

Yjj=jXij, 1 6 i 6 n, 1 6 j 6 m.

Definition 3. Let DT ¼ ðU; C
S

D;V ; f Þ be a decision table,
U=INDðCÞ ¼ fX1;X2; . . . ;Xng and U=INDðDÞ ¼ fY1;Y2; . . . ;Ymg
denote the partitions induced by equivalence relations INDðCÞ
and INDðDÞ, respectively. The mutual information between C and
D is defined as

IðC; DÞ ¼ HðDÞ � HðDjCÞ: ð14Þ

If the mutual information is large, the two feature sets are clo-
sely related. If the mutual information becomes zero, the two fea-
ture sets are independent.

One can consider mutual information related reducts to extract
relevant feature sets with respect to the mutual information
measure.

Definition 4. Let DT ¼ ðU;C
S

D;V ; f Þ be a decision table. For any
subset B # C of features, if IðB; DÞ ¼ IðC; DÞ and for every b 2 B,
IðB� fbg; DÞ < IðB; DÞ, then B is called a feature reduct of C with
respect to D in DT.

Definition 5. Let DT ¼ ðU;C
S

D;V ; f Þ be a decision table. For
every a 2 C, if IðC � fag; DÞ < IðC; DÞ, then a is a core feature of DT.

The composition of all core features is called feature core. Feature
core can be used as the starting point of reduction computation.

Definition 6. Let DT ¼ ðU;C
S

D;V ; f Þ be a decision table. For any
B � C of features, and any feature a 2 C � B, the significance of
feature a with respect to B and D is defined as

sgnða; B;DÞ ¼ IðB
[
fag; DÞ � IðB; DÞ ð15Þ

The significance of features can be used as heuristic information
in greedy algorithms to compute a minimal feature reduct.

The elements of feature core are those features that cannot be
eliminated.The algorithm for finding feature core is as follows:

Algorithm FEATURECORE
Input: a decision table DT ¼ ðU;C

S
D;V ; f Þ

Output: the feature Core

(1)
 Initial Core ¼ /

(2)
 For every a 2 C

(3)
 { S

(4)
 If IðC � fag; DÞ < IðC; DÞ, Then Core ¼ Core fag

(5)
 }

(6)
 Output Core
In the worst case, the time complexity of Algorithm FEATURE-
CORE is Oðmn2Þ, and its space complexity is OðmnÞ, where m and
n are the cardinalities of C and U respectively. The feature selection
algorithm starting from feature core based on mutual information
(MIBR) is as follows:
Algorithm MIBR
 S

Input: a decision table DT ¼ ðU;C D;V ; f Þ
Output: a feature reduct R

(1)
 Initial the feature reduct R ¼ Core and a

temporary variable T ¼ /

(2)
 Do

(3)
 {

(4)
 T ¼ R

(5)
 For every a 2 fC � Rg

(6)
 { S S

(7)
 If IðR fag; DÞ > IðT; DÞ, Then T ¼ R fag

(8)
 }

(9)
 R ¼ T

(10)
 } Until IðR; DÞ ¼¼ IðC; DÞ

(11)
 Output R
According to the mutual information based algorithm, the fea-
tures are sorted by the mutual information, and the best candidate
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chosen. However, it is also not guaranteed to find a minimal fea-
ture set as its too greedy.
3. Ant colony optimization

In the real world, ants (initially) wander randomly, and upon
finding food return to their colony while laying down pheromone
trails. If other ants find such a path, they are likely not to keep trav-
eling at random, but to instead follow the trail, returning and rein-
forcing it if they eventually find food. Thus, when one ant finds a
good (i.e. short) path from the colony to a food source, other ants
are more likely to follow that path, and positive feedback eventu-
ally leads all the ants following a single path.

Inspired by the behavior of real ants, Dorigo and Caro (1999)
proposed an artificial colony of ants algorithm, which was called
the ant colony optimization (ACO) metaheuristic, to solve hard
combinatorial optimization problems. The idea of the ant colony
algorithm is to mimic this behavior with ‘‘simulated ants” walking
around the graph representing the problem to solve. The ACO was
originally applied to solve the classical traveling salesman prob-
lem (Dorigo et al., 1996), where it was shown to be an effective
tool in finding good solutions. They have an advantage over simu-
lated annealing and genetic algorithm approaches when the graph
may change dynamically; the ant colony algorithm can be run
continuously and adapt to changes in real time. The ACO has also
been successfully applied to other optimization problems includ-
ing telecommunications networks, data mining, vehicle routing,
etc.

ACO is a metaheuristic in which a colony of artificial ants coop-
erate in finding good solutions to discrete optimization problems.
Each ant of the colony exploits the problem graph to search for
optimal solutions. Every ant has a start state and one or more ter-
minating conditions. The next move is selected by a probabilistic
decision rule that is a function of locally available pheromone
trails. Ant can update the pheromone trail associated with the link
it follows. Once it has built a solution, it can retrace the same path
backward and update the pheromone trails. ACO algorithm is
interplay of three procedures as described in (Dorigo and Caro,
1999): (1) Construct ant solutions; (2) update pheromones; and
(3) Daemon actions.

It is worth mentioning that ACO makes probabilistic decision in
terms of the artificial pheromone trails and the local heuristic
information. This allows ACO to explore larger number of solutions
than greedy heuristics. Another characteristic of the ACO algorithm
is the pheromone trail evaporation, which is a process that leads to
decreasing the pheromone trail intensity over time. pheromone
evaporation helps in avoiding rapid convergence of the algorithm
towards a sub-optimal region.

In the next section, we shall present our method to feature
selection, which is based on rough sets and ACO, and explain
how it is used for searching the feature space and selecting a min-
imal subset of features effectively.
b
d

a

e

f

c

Fig. 1. An illustration of JSACO that an ant starting from a random feature.
4. Feature selection based on rough sets and ant colony
optimization

Following the standard ACO algorithmic scheme for combinato-
rial optimization problems, Jensen and Shen propose a method for
feature selection based on rough sets and ACO (JSACO) (Jensen and
Shen, 2003). The basic procedure of JSACO is as follows: given a
colony of k artificial ants to search through the feature space, these
k ants perform a number of iterations. During every iteration t,
each ant starts from a random feature, then selects the best route
and the pheromone is updated. The algorithm stops iterating when
a termination condition is met.
4.1. Problem representation

We can reformulate the problem of feature selection into an
ACO-suitable problem. ACO requires a problem to be represented
as a complete graph, where nodes represent features, and the
edges between them denote the choices of the next features. The
search for the optimal feature subset is then a traversal through
the graph where a minimal number of nodes are visited and the
traversal stopping criterions are satisfied. Jensen and Shen’s meth-
od starts from a random feature, as shown in Fig. 1. Since in rough
set theory, there exists a feature core of C. We propose a rough set
approach to feature selection based on ACO starting from the fea-
ture core (RSFSACO). As shown in Fig. 2, we can transform that
complete graph into a smaller one by deleting all features in the
core from it.

In the left part of Fig. 2, if we assume that the ant is currently at
node a, then it has a choice of which feature should be added next
to its path (dotted lines). It chooses feature b next based on the
transition rule, then c and then d. Upon arrival at d, the current
subset fa; b; c; dg is determined to satisfy the stopping criterions.
And in the right part of Fig. 2, if the feature core is fa; bg, then
we can change the complete graph shown in the left to a smaller
one shown in the right. In this case, the ant start from the core
fa; bg, and may choose feature c next, then d. Therefore the feature
reduct can be found more quickly, if we introduce the core into the
search.

4.2. Heuristic information

For most current methods used in ACO to solve combinatorial
optimization problems, such as traveling salesman problem, the
heuristic information is calculated before the construction of solu-
tions. However, in RSFSACO the heuristic information is dynami-
cally calculated during the construction process of solutions. The
significance of features is adopted as heuristic information for RSF-
SACO. The significance of features is defined by information entro-
py and mutual information. Given a colony of ants and a decision
table DT ¼ ðU;C

S
D;V ; f Þ, suppose CoreðCÞ ¼ fa; bg denote the

core of C with respect to D in DT. All ants start from CoreðCÞ, and
the given ant is currently at node p. Then the ant should find the
next node. For any feature r 2 C � fCore

S
pg, the heuristic infor-

mation of feature r with respect to p is defined as follows:

gðr; pÞ ¼ sgnðr; fCore
[

pg;DÞ ð16Þ

where sgn denotes the function of significance given in Definition 6.
In the above definition, if gðr; pÞ < e, then let gðr; pÞ ¼ e, where

eis a small positive parameter.

4.3. Construction of feasible solutions

In RSFSACO, to construct a solution each ant should start from
the feature core. Next the ant randomly selects a feature, then se-
lects the second feature from those unselected features with a gi-
ven probability. That probability is calculated by Dorigo et al.
(1996):
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Fig. 2. An illustrative change of an ant going from the core.
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pk
ijðtÞ ¼

sa
ijg

b
ijðtÞP

l2allowedk
sa

ilg
b
ilðtÞ

; j 2 allowedk; ð17Þ

where k and t denote the number of ants and iterations, respectively,
allowedk denotes the set of conditional features that have not yet been
selected, sði; jÞ andgði; jÞ are the pheromone value and heuristic infor-
mation of choosing feature j when at feature i. In addition, a > 0 and
b > 0 are two parameters which determine the relative importance of
the pheromone trail and heuristic information.

If a is far larger than b, then ants will make decision mainly
based on pheromone trails, and if b is far larger than a, ants will
select those edges with higher heuristic information in a greedy
manner. Based on preliminary experimental results, with larger
values of b, it often takes ants longer time to reach a high quality
solution, whereas ants find better solutions when their search
behavior is mainly influenced by pheromone trails. a and b should
be chosen in the range 0 � 1 and determined by experimentation.

A construction process is terminated by one of the following
two conditions:

(1) IðR; DÞ ¼ IðC; DÞ, where R is the current solution constructed
by an ant.

(2) The cardinality of the current solution is larger than that of
the temporary minimal feature reduct.

The first condition means that a better solution has been con-
structed and a reduct has been found. The first reduct is regarded
as the minimal reduct temporarily. Next reducts compare with the
minimal reduct. If the cardinality of the current solution is smaller
than that of the minimal reduct, the current solution is regarded as
the new minimal reduct. Otherwise, the current solution is discard.
The second condition implies that no better solution will be con-
structed, thus it is unnecessary to continue the construction process.

4.4. Pheromone updating

After each ant has constructed a solution, the pheromone on
each edge should be updated according to the following rule:

sijðt þ 1Þ ¼ qsijðtÞ þ DsijðtÞ; ð18Þ

where sijðtÞ is the amount of pheromone on a given edge ði; jÞ at iter-
ation t, sijðt þ 1Þ is the amount of pheromone on a given edge ði; jÞ at
next iteration, qð0 < q < 1Þ is a decay constant used to simulate the
evaporation of pheromone, and DsijðtÞ is the amount of pheromone
deposited, typically given by

DsijðtÞ ¼
P q
jRðtÞj if edgeði; jÞ has been traversed

0 otherwise

(
ð19Þ

where parameter q is a given constant, RðtÞ is the minimal feature
reduct at iteration t. By this definition, all ants update the
pheromone.

If an optimal subset has been found or the iteration reaches the
maximum cycle, then the algorithm halts and outputs the minimal
feature reduct encountered. If neither condition holds, then the
pheromone is updated, a new set of ants are created and the pro-
cess iterates once more.

4.5. The pseudo-code of RSFSACO

Algorithm RSFSACO. S

Input: a decision table DT ¼ ðU;C D;V ; f Þ and
parameters
Output: a minimal feature reduct Rmin and its cardinal-
ity Lmin
(1) Initial Rmin ¼ C, Lmin ¼ jCj, iteration ¼ 0
(2) Compute IðC; DÞ by formula (12)–(14)
(3) Compute Core by algorithm FEATURECORE:

For every c 2 C, If IðC � fcg; DÞ < IðC; DÞ, then
Core ¼ f

S
cg

(4) While (iteration <¼ maxcycle)
(5) {
(6) For every k 2 Ant
(7) {
(8) Rk ¼ Core, Lk ¼ jCorej
(9) Select a feature ak 2 fC � Coreg randomly

Rk ¼ fRk
S

akg, Lk ¼ Lk þ 1
(10) Do: construct a solution
(11) {
(12) For every sk 2 fC � Rkg
(13) {
(14) Compute heuristic information gðsk; akÞ

by formula (15) and (16)
(15) }
(16) Select next feature bk2fC�Rkgby formula (17)

Rk ¼ fRk
S

bkg
Lk ¼ Lk þ 1

(17) g Until (IðRk; DÞ ¼¼ IðC; DÞ or Lk >¼ Lmin)
(18) If (IðRk; DÞ ¼¼ IðC; DÞ and Lk < Lmin)

Then Rmin ¼ Rk, Lmin ¼ Lk

(19) }
:update pheromone

(20) For every x; y 2 fRmin � Coreg
(21) {
(22) sx;y ¼ qsx;y þ q=Lmin

(23) }
(24) For every u;v 2 fC � Rming
(25) {
(26) su;v ¼ qsu;v

(27) }
(28) iteration ¼ iterationþ 1
(29) }
(30) Output Rmin and Lmin
5. Experimental results

In this section, we shall demonstrate the performance of our
algorithm RSFSACO given in Section 4. The algorithm is tested on



Table 4
RSFSACO searching process on Audiology.

Iteration Best solution Feature subset
length

1 1,2,4,5,6,10,11,15,35,40,47,57,58,59,60,64,66 17
2 1,2,4,5,6,10,11,15,35,40,47,57,59,60,64,66 16
3 1,2,5,6,10,15,18,35,40,47,57,59,60,64,66 15
4 1,2,4,5,6,10,11,15,35,40,47,57,60,64,66 15
5 1,2,4,5,6,10,14,15,35,40,47,60,64,66 14
6 1,2,4,5,6,10,11,14,15,47,60,64,66 13
7 1,2,4,5,6,10,11,14,15,47,60,64,66 13
8 1,2,4,5,6,10,11,14,15,47,60,64,66 13

Table 5
RSFSACO searching process on Mushroom.

Iteration Best solution Feature subset length

1 5,9,11,15,19,22 6
2 5,8,9,11,19,22 6
3 5,9,11,19,22 5
4 5,9,11,22 4
5 5,9,11,22 4
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a personal computer running windows XP with 2.0 GHZ processor
and 1 GB memory. In our experiments, we set the parameters
a ¼ 1, b ¼ 0:01, q ¼ 0:9, q ¼ 0:1, e ¼ 0:001, and the initial phero-
mone was set to 0.5 with a small random perturbation added,
the number of ants was half the number of features and the max-
imum number of cycles equals 100. These parameters are deter-
mined based on a small number of preliminary runs. The halting
condition is reaching the maximum cycle or getting the same fea-
ture reduct under three consecutive iterations. As suggested by
Jensen and Shen (2004), each dataset is test for 20 times.

5.1. Comparison with RST-based methods

Our experiments are carried out on nine datasets which are
from UCI datasets. In order to find whether our algorithm could
find an optimal reduct, we compute all reducts using boolean rea-
soning methods as described in (Pal and Skowron, 1999) for refer-
ence. We compare the performance of our algorithm RSFSACO with
traditional RST-based methods to feature select, which are RSQR
(using QUICKREDUCT) and MIBR (Mutual Information Based
Reduction). Note that when we talk about optimal reduct we refer
to the minimal reduct.

The experimental results are summarized in Table 1. The left-
most column consists of dataset names. The 2nd and 3rd columns
are instance numbers and feature numbers of corresponding data-
set. The 4th column is the length of optimal reduct according to all
reducts. The 5th and 6th columns are results of two RST-based
algorithms. The rightmost column is result of our algorithm. These
Table 1
Experimental results comparison with RST-based methods.

Dataset Inst. Feat. MinRedu RSQR MIBR RSFSACO

Audiology 200 70 � 20 19 13ð4Þ14ð16Þ

Breast-cancer 699 10 4 4 4 4
Chess-king 3196 37 29 30 30 29
Monk1 124 7 3 3 3 3
Monk3 122 7 4 4 4 4
Mushroom 8124 23 4 6 5 4ð13Þ5ð7Þ

Vote 435 17 9 12 11 9
Wine 178 14 5 6 5 5ð17Þ6ð3Þ

Zoo 101 17 5 6 5 5

Table 2
Experimental results comparison with JSACO.

Dataset Inst. Feat. Core MinRedu JSAC

Redu

Audiology 200 70 3 � 20ð2Þ

Breast-cancer 699 10 1 4 4
Chess-king 3196 37 27 29 29ð4Þ

Monk1 124 7 3 3 3
Monk3 122 7 4 4 4
Mushroom 8124 23 0 4 4ð13Þ

Vote 435 17 7 9 10ð5Þ

Wine 178 14 0 5 5ð17Þ

Zoo 101 17 2 5 5ð18Þ

Table 3
Experimental results comparison with other metaheuristics.

Dataset Inst. Feat. Core MinRed

Audiology 200 70 3 �
Mushroom 8124 23 0 4

Vote 435 17 7 9
results are the lengths of feature reduct each algorithm finds. Since
the RSFSACO may be get different result, each dataset is test for 20
times and the number in parentheses denotes the times of tests to
achieve such a feature reduct. A minimal reduct could not be deter-
O RSFSACO

Average time (s) Redu Average time (s)

21ð18Þ 352.261 13ð4Þ14ð16Þ 298.332

0.468 4 0.439

30ð11Þ31ð5Þ 218.016 29 152.762

0.012 3 < 0:01
0.013 4 < 0:01

5ð7Þ 23.391 4ð13Þ5ð7Þ 51.399

11ð7Þ12ð8Þ 1.798 9 0.731

6ð3Þ 0.088 5ð17Þ6ð3Þ 0.091

6ð2Þ 0.089 5 0.061

u GenRSAR TSAR RSFSACO

20ð3Þ21ð9Þ22ð8Þ 20ð8Þ21ð12Þ 13ð4Þ14ð16Þ

5ð1Þ6ð5Þ7ð14Þ 4ð12Þ5ð8Þ 4ð13Þ5ð7Þ

10ð1Þ11ð8Þ12ð11Þ 10ð3Þ11ð9Þ12ð8Þ 9

6 5,9,11,22 4

Table 6
RSFSACO searching process on vote.

Iteration Best solution Feature subset length

1 1,2,3,4,8,9,11,13,15,16 10
2 1,2,3,4,7,9,11,13,15,16 10
3 1,2,3,4,9,11,13,15,16 9
4 1,2,3,4,9,11,13,15,16 9
5 1,2,3,4,9,11,13,15,16 9



Table 7
Classification results with different reducts.

Dataset Inst. Fea. GenRSAR GenRSAR TSAR TSAR RSFSACO RSFSACO
Number of rules Classification accuracy Number of rules Classification accuracy Number of rules Classification accuracy

Audiology 200 70 126 96.45% 108 95.3% 89 98.91%
Mushroom 8124 23 67 100% 52 100% 19 100%
Vote 435 17 27 94.23% 25 93.12% 25 95.88%
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mined with the all reduction algorithm running out of time, such
as Audiology. A symbol ’-’ indicates the unknown minimal reduct.

From the results, we can see that RST-based methods produce
the same reduct every time, while RSFSACO often finds different
reducts and sometimes different lengths of reducts. It is obvious
that in some situations hill-climbing methods can locate the opti-
mal feature reduct. For example, RSQR finds the optimal reduct for
dataset Breast-cancer, Monk1 and Monk3. MIBR finds the optimal
reduct for dataset Breast-cancer, Monk1, Monk3, Wine and Zoo.
But for other datasets, sub-optimal reducts are found, containing
redundant features. The reducts found by RSQR often contain more
redundant features than MIBR and RSFSACO, while the results
found by MIBR often contain more redundant features than RSFSA-
CO. According to the experimental results, we can see that RSFSA-
CO outperforms the other traditional RST-based methods as
respect to ability of finding optimal reduct.

5.2. Comparison with Jensen and Shen proposed ACO-based approach

Jensen and Shen proposed an ACO-based feature selection ap-
proach which starts from a random feature (Jensen and Shen,
2003), while our method starts from the feature core. Jensen and
Shen’s algorithm is called as JSACO. We have tested several data-
sets from UCI datasets. Table 2 shows the results of feature selec-
tion on those datasets. The leftmost column consists of dataset
names. The 2nd and 3rd columns are the number of instances
and the number of features in a dataset. The 4th and 5th columns
are the length of feature core and minimal reduct. The 6th and 7th
columns are the length of feature reduct found by Jesen and Shen’s
approach and its average run time. The 8th and 9th columns are
the length of feature reduct found by our method and its average
run time. Each dataset is tested for 20 times and the number in
parentheses denotes the times of tests to achieve such a feature
reduct.

In Monk1 and Monk3, the feature reduction is finished after the
core is found, because the core is a reduct. In Mushroom and Wine,
the core is empty. In other datasets, the core is not empty.

From the data present in Table 2, the following conclusion can
be drawn: (a) For non-core datasets, both algorithms have the
same ability to find optimal reducts, such as Mushroom and Wine.
However, for core datasets, our algorithm outperforms JSACO with
respect to the ability to find optimal reducts, such as Audiology,
Breast-cancer, Chess-king and Zoo. (b) When the dataset has not
a core, the JSACO outperforms our algorithm in run time. This is be-
cause our algorithm wastes some time in calculating core. When
the dataset has a core, our algorithm outperforms JSACO in run
time. This is because our algorithm changes the complete graph
to a smaller one. The run time of ACO-based algorithm depends
heavily on the construction of feasible solution as ants traverse
the complete graph.

5.3. Comparison with other metaheuristics

We also compare RSFSACO with other metaheuristic algo-
rithms, GenRSAR (GA-based) (Zhai et al., 2002) and TSAR (TS-
based) (Hedar et al., 2006). These algorithms are carried out on
three UCI datasets, Audidogy, Mushroom and Vote. The experimen-
tal results are summarized in Table 3.

From Table 3, we can see that RSFSACO provides the best re-
sults, the performance of TSAR is better than GenRSAR. Results of
the searching progress of RSFSACO are listed in Table 4 for the
Audiology, in Table 5 for the Mushroom and in Table 6 for the Vote.
In Table 4, ‘‘Best solution” lists the best feature subset encountered
at an iteration, in which each number denotes one feature of the
dataset.

From the results, we can see that RSFSACO has the ability to
quickly converge in locating the optimal solution. In general, it
can find the optimal solution within tens of iterations. If exhaustive
search is used to find the optimal reduct in the dataset Audiology,
there will be tens of thousands of candidate subsets, which is
impossible to execute. But with RSFSACO, at the sixth iteration
the satisfactory solution is found.

We also use the LEM2 algorithm (Stefanowski, 1998) to extract
rules from the data and the global strength for rule negotiation in
classification. We apply ten-fold cross validation to estimate the
classification. The number of decision rules and the classification
accuracy with different feature reducts are showed in Table 7. Most
of the reducts found by RSFSACO result in smaller rules and exhibit
higher classification accuracy.
6. Conclusion

This paper discusses the shortcomings of conventional hill-
climbing rough set approaches to feature selection. These tech-
niques often fail to find optimal reducts, as no perfect heuristic
can guarantee optimality. On the other hand, complete searches
are not feasible for even medium sized datasets. So, ACO ap-
proaches provide a promising feature selection mechanism.

We proposed a novel feature selection technique based on
rough sets and ACO. ACO has the ability to quickly converge. It
has a strong search capability in the problem space and can effi-
ciently find minimal reducts. An algorithm called RSFSACO was
also given, which starts from the core and utilizes mutual informa-
tion based feature significance as heuristic information to search
through the feature space for optimal solutions. Our algorithm
has the following characteristics: (a) It applies rough set reduction
method and ACO technique to feature selection; (b) It constructs a
solution starting from the feature core; and (c) its heuristic infor-
mation is on the basis of mutual information based feature signif-
icance. Experimental results on real datasets demonstrate the
effectiveness of our method to feature selection.

In the future work, more experimentation and further investi-
gation into this technique may be required. We should extend to
approximate entropy reduction. For large datasets, to speed up
the computations of reduction, parallel algorithm may be
employed.
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