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Abstract The feature selection problem can be formulated as a multi-
objective optimization (MOO) problem, as it involves the minimization of
the feature subset cardinality and the misclassification error. In this chapter,
a comparison of MOO algorithms applied to feature selection is presented.
The used MOO methods are: Nondominated Sorting Genetic Algorithm II
(NSGA-II), Archived Multi Objective Simulated Anncaling (AMOSA), and
Direct Multi Search (DMS). To test the feature subset solutions, Takagi-
Sugeno fuzzy models are used as classifiers. To solve the feature selection
problem, AMOSA was adapted to deal with discrete optimization. The multi-
objective methods are applied to four benchmark datasets used in the liter-
ature and the obtained results are compared and discussed.

1 Introduction

Generally, real-world data sets tend to be complex, very large, and normally
contain many irrelevant features. One of the most important steps in data
analysis for classification is feature selection, which has been an active re-
search area on many fields, such as data mining, pattern recognition, image
understanding, machine learning or statistics. The main idea of feature selec-
tion is to choose a subset of the available features, by eliminating redundant
features with little or no predictive information. There are two key decisions
involved in the feature subset selection problem: (i) the number of selected
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features and (ii) the best features to be selected [28]. An effective feature se-
lection method can minimize the classification error, improve the prediction
accuracy, and also discover the relevant features. From this point of view, it is
possible to say that feature subset selection is a multi-objective optimization
problem. Recently, the multi-objective feature selection (MOFS) problem was
addressed in many studies. In [14], the feature selection problem is seen as a
multi-objective problem and the Niched Pareto Genetic Algorithm (NPGA),
which uses a commonality-based crossover operator, is applied to solve the
MOFS problem, using neural models as classifiers. A variation of NPGA with
a one-nearest neighbor classifier is applied to the MOFS problem in [13]. In
[15], the application of the Multi Objective Genetic Algorithm (MOGA) is
proposed for feature subset selection on a number of neural and fuzzy models
together with fast subset evaluation techniques. Further, MOGA was used
with different classifiers, namely, fuzzy rule based classification [8], back-
propagation neural networks [19], and support vector machines [5], to solve
the MOFS problem. There are some studies on the use of the nondominated
sorting genetic algorithm (NSGA), firstly proposed in [26], for MOFS with
different wrapper methods, such as neural networks [23] and decision trees
[32], on different data sets. In [17, 22, 30, 12, 18, 24], the nondominated sort-
ing genetic algorithm IT (NSGA-II), one of the most efficient multi-objective
algorithms, was used to solve the MOFS problem using different classification
methods.

Archived multi-objective simulated annealing (AMOSA), which was pro-
posed in [3], is an efficient multi-objective version of the simulated annealing
algorithm, based on Pareto dominance. AMOSA incorporates a novel con-
cept of the amount of dominance, in order to determine the acceptance of a
new solution, as in NSGA-II. AMOSA was mainly used for continuous multi-
objective problems, except in [31] where it was applied to gene selection. In
this chapter, AMOSA was adapted for the feature selection problem, and it
is called Modified AMOSA.

Direct multisearch (DMS) is a novel MOO algorithm proposed in [9]. This
method is inspired by the search/poll paradigm of direct-search methods of
the directional type and uses the concept of Pareto dominance to maintain
a list of non-dominated points (from which the new iterates or poll centers
are chosen). The aim of this method is to generate as many points in the
Pareto front as possible from the polling procedure itself, while keeping the
whole framework general enough to accommodate other disseminating strate-
gies. This chapter presents a comparison of derivative-free multi-objective
algorithms, which are NSGA-II, Modified AMOSA and DMS, for the feature
selection problem with two different objectives: minimizing the number of fea-
tures and minimizing the misclassification rate. The chapter is organized as
follows: the next section presents a multi-objective formulation of the feature
selection problem and a brief description of fuzzy modeling for classification.
The derivative-free multi-objective algorithms for MOF'S, namely NSGA-II,
Modified AMOSA and DMS, are presented in Section 3. In Section 4, the
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results obtained for several benchmark databases are presented, and a com-
parison of the studied multi-objective algorithms is made. Some conclusions
are drawn in Section 5 and possible future work is discussed.

2 Feature Selection

Feature selection is the process of selecting a subset of the available features
to use in empirical modeling. A fundamental problem of feature selection
is to determine a minimal subset of n features from the complete set of the
features x = {x1, T2, ..., TN}, with n < N, without sacrificing accuracy. This
means that there are 2%V possible feature subsets, which makes a brute-force
approach (enumerating and testing all feature subsets) infeasible in most
cases. It can be said that the main goal of feature selection is to reduce
the number of features used in classification while maintaining an acceptable
classification accuracy. From this perspective, a feature selection problem can
be seen as a multi-objective problem with two objectives: minimization of the
number of features and of the error rate of the classifier. In this chapter, a
fuzzy classifier is built for each feature subset to evaluate the classification
error. The solutions are evaluated by using fuzzy models, as they are universal
approximators and can be interpretable under certain conditions.

2.1 Feature Selection as a Multi-objective Optimization
Problem

A multi-objective optimization problem can be mathematically formulated
as (see [21] for a more complete treatment):

min F(x) = (f1(x), f2(x), . fin(x))”
subject to  x € (2 (1)

where z is the vector of decisions or design variables belonging to the feasible
region 2 C R™ and F(x) € R™ is a vector of m objective functions. The
word “min” in (1) means that we want to minimize all objective functions
simultaneously. Note that this is a general formulation, which exploits that
maximizing an objective function f; is equivalent to minimizing — f;.

The solution of the problem given in (1) is a set of solutions that are
called Parcto optimal in the general framework of multi-objective optimiza-
tion. A solution is said to be Pareto optimal if it is not dominated by any
other solution available in the search space §2 (see [21] for a more complete
treatment).
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In feature selection it is common to encode a feature subset as a bi-
nary vector x € {0,1}", where N is the number of available features.
This vector states for each feature whether it is selected (z; = 1) or not
(z; = 0), see Fig. 1. The MOO algorithm for the feature selection prob-
lem consists of finding the set of features that simultaneously minimize two
objectives: f1(x) = 25:1 xj which is the number of selected features and
fa(x) = (1 — accuracy(x)) which is equivalent to maximize the accuracy.

2.2 Fuzzy Modeling for Feature Selection

Fuzzy models are suitable to deal with vague, imprecise and uncertain knowl-
edge and data. These models use rules and logical connectives to establish
relations between the features defined to derive the model. Three general
methods for fuzzy classifier design can be distinguished [4, 25]: the regression
method, the discriminant method and the maximum compatibility method.
In the discriminant method, the classification is based on the largest dis-
criminant function, which is associated with a certain class, regardless of the
values or definitions of other discriminant functions. Hence, the classification
decision does not change if the discriminant functions are transformed mono-
tonically. Since this is a useful property, the discriminant method is used in
this work for classification. The discriminant functions can be implemented
as fuzzy inference systems, which can be Takagi-Sugeno (TS) fuzzy models
[27]. When TS fuzzy systems are used, each discriminant function consists of
rules of the type

Rule Rf : If z1 is A, and ... and z,, is A5,

then df(x) = ff(x),1=1,2,..., K,

where ¢ is the number of classes, K is the number of fuzzy rules, and f{ is the
consequent function for rule RY. Please note that the antecedent parts of the
rules can be different for different discriminants, as well as the consequents.
Therefore, the output of each discriminant function d.(x) can be interpreted
as a score (or evidence) for the associated class ¢ given the input feature vector
X;. The discriminant function for class ¢, with ¢ =1,...,C is computed by
aggregating the contributions of the individual rules:

[ o o i 1] o .] o 1 1
feature 1 feature N

Fig. 1 Binary vector with N components.
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K fe(x
dc<X) — Zi:l ﬂlfz( ) (2)

Y Bi

where 8; = H?:l fag, (x) is the degree of activation of rule 7 of class ¢ and
,uA;;j(x) R —[0,1].

The input data consists of tuples x; = |71, %2, ..., T,y T with @ €
{1,..., N}, where the z;;, j € 1,...M, are the values of the features and
y; is the class of the ith case. From this data and the number of rules K, the
antecedent fuzzy sets A;;, and the consequent parameters arce determined by
means of fuzzy clustering [25]. Note that the class is used as an input to the
clustering algorithm. This paper uses the Gustafson-Kessel (GK) [16] cluster-
ing algorithm to compute the fuzzy partition matrix. Each identified cluster
provides a local characteristic behavior of the system and each cluster defines
a rule. The consequent parameters for each rule are obtained as a weighted
ordinary least-square estimate.

3 Multi-objective Algorithms for Feature Selection

Derivative-free multi-objective algorithms can be used for feature selection
problems, as most of these algorithms can deal with a set of possible solutions
simultaneously. This means that several members of the Pareto optimal set
can be found in a single run without any assumptions on continuity and differ-
entiability of functions [23]. A comprehensive review of multi-objective algo-
rithms can be found in [6, 10]. In this chapter, NSGA-II, Modified AMOSA,
and DMS, which are described in the following sections, are used for the
optimization of the MOFS problem.

3.1 NSGA-II for Multi-objective Feature Selection

NSGA-II has been successfully applied in many applications, such as image
processing, bioinformatics, etc. [11]. The main characteristic of this algorithm
is to use the fast non-dominated sorting technique and a crowding distance to
construct population fronts that dominate each other in a domination rank.
To implement NSGA-IT in the MOFS problem, first a random population
representing different points in the search space is created with the size nyqp,
as in [18]. Each chromosome Cj,i = 1,2,. .., Npep, is binary, and the encoding
of a chromosome was represented in Fig. 1, where a chromosome has n bits
equal to “1”. These features are the ones used to construct the fuzzy classifier.
The search process of NSGA-II continues until the number of generations
Ngen is reached. Tournament selection is used based on two criteria: rank
and crowding distance, with rank taking precedence, see [11]. NSGA-II also
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Table 1 Definition of the parameters for Modified AMOSA

Parameter Description

Archive Set of nondominated solutions

AL Limit size of the Archive

B Constant for the initial size of the Archive
Trmaz Maximum (initial) temperature

Tin Minimum (final) temperature

«a Cooling rate in simulated annealing

iter Number of iterations at each temperature

incorporates an elitism scheme to maintain the best solutions; individuals
with higher crowding distances have higher fitness values. NSGA-II for MOF'S
uses the single-point crossover method, which randomly chooses a crossing
site along the string and exchanges all bits on the right side of the crossing
site [10]. The mutation operator used in this work is the uniform mutation
operator [20], which operates on each bit separately and randomly changes
the bit’s. If the chromosome is filled with “0”s, i.e., the feature subset is
empty, a gene of the chromosome is selected randomly and replaced by “1”
to obtain a non-empty feature subset.

3.2 Modified AMOSA for Multi-objective Feature
Selection

AMOSA is a generalized version of simulated annealing for multi-objective
optimization problems, which was proposed in [3]. AMOSA, a Pareto dom-
inance based simulated annealing method, incorporates the concept of an
Archive where the nondominated solutions seen so far are stored. In con-
trast to the original suggestion [3], we use a fixed-sized Archive, AL, instead
of a soft and a hard limit. Similarly to the original AMOSA, initially a ran-
dom Archive is generated with 8 x AL solutions, where § is a constant,
0 < B < 3. As in NSGA-II, the solutions are encoded as a binary vector.
The fitness evaluation is done for each Archive solution. The solutions in
the Archive are sorted by using a domination relation. Only the obtained
nondominated solutions are used to initialize the Archive. Here, the fast
nondominated sorting mechanism is used to rank the solutions [11]. During
the search, if the number of solutions in the Archive is higher than AL, the
first AL solutions in the rank order are chosen from the Archive. Eventually,
the ranked “1” solutions will constitute the Pareto front. Table 1 describes
the parameters that need to be set a priori.

The search is started with a solution that is chosen randomly from the so-
lutions in the Archive. This is taken as the current feature subset Fryprent, OT



Comparison of Multi-objective Algorithms Applied to Feature Selection 365

Algorithm 1 Modified AMOSA for feature selection

Set AL, ﬁ, Tmaz,Tmin, o, iter and T' = Thmaz-
Initialize the Archive.
Choose randomly a subset of features from the nondominated solutions in the Archive
and set it as Foyrrent
Compute the probability of being accepted Pewrrent using (4).
while T' > T,,,;,, do
for k = 0 to iter do
Create a new subset of features Fiew, using the perturbation scheme
Compute Prew
Check the domination status of Fyew with respect to the Feyrrent and the present
solutions in the Archive
Select the next Feyrrent using the domination status of the original AMOSA [3].
end for
update T'=a x T
if | Archive |> AL then
choose the first AL solutions from the Archive.
end if
end while

the initial solution, at temperature T' = T;,4,. To create a new solution, the
Feyrrent solution is perturbed and a new feature subset Fj., is generated
and the solution is evaluated using the objective function. The perturba-
tion is computed using a Laplace distribution to determine which decision
variables should be mutated. Thereafter, the domination status of Fje, i
checked with respect to Fiyprrent and to the solutions in the Archive. The
nondominated solutions are defined using the acceptance concept from the
original AMOSA [3]. Given two solutions a and b, where a dominates b, the
amount of domination is defined as follows:

ﬁ (I fz‘(a)gifi(b) |>

Adomyp, =

(3)
i=1,fi(a)#fi(b)

where m is the number of objectives, f;(a) and f;(b) are the ith objective
values for the two different solutions and R; is the range of the objective func-
tion. R; is determined using the solutions in the Archive, in the current and
in the new feature subsets. Based on the domination status, a number of cases
can arise: (1) accept Fiey, (i) accept Feyrrent or (iii) accept a solution from
the Archive. The acceptance is calculated based on the applicable case. The
Archive limit is maintained and the content is continuously updated during
the search. Whenever an unfavorable move is considered for acceptance, the
probability of acceptance is calculated as:

1
P =
1+ exp(Adom x T')

(4)
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where T is the temperature, and Adom is calculated as in (3) [31]. The
process is repeated iter times for each temperature, which is annealed with
a cooling rate of a < 1 until the minimum temperature T, is reached. The
process then stops, and the Archive contains the nondominated solutions.
The steps of the Modified AMOSA applied to the feature selection problem
are presented in Algorithm 1.

3.3 DMS for Multi-objective Feature Selection

Direct MultiSearch (DMS) is a novel derivative-free method for multi-
objective optimization, which does not aggregate any of the objective func-
tions [9]. DMS extends to MOO all types of direct-search methods that are
of a directional type such as pattern search and generalized pattern search,
generating set search, and mesh adaptive direct search [7]. This approach
is called direct multisearch since it naturally generalizes direct search (of
directional type) from single to multi-objective optimization.

The principles of DMS are extremely simple. Instead of updating a single
point per iteration, it updates a list of feasible nondominated points. For a
more detailed description of the algorithm please see [9]. The original DMS
was developed for real-valued variables in the search space. This algorithm
was adapted to cope with the discrete feature selection optimization problem.
Each DMS solution, xpars = (71,...,2x5) € RY is converted into a binary
solution, x = (z1,...,zn),Vi=1,...,N : x; € {0,1}, using the threshold

Lifz; >05

§=05,ic, z;= {0 if 7 < 0.5 )

4 Experimental Results

The derivative-free multi-objective algorithms for feature selection are ap-
plied to data sets taken from some well known benchmarks in the UCI Ma-
chine Learning Repository [2].

4.1 Data Sets

Wisconsin breast cancer original (WBCO), Wisconsin diagnostic breast can-
cer (WDBC), Wisconsin prognostic breast cancer (WPBC) and Sonar, were
used to test the NSGA-II, Modified AMOSA, and DMS algorithms. Table 2
summarizes some general information regarding these datasets.
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Table 2 Description of the used data sets.

No data sets # features Classes # samples
1 WBCO 9 (integer) 2 699
2 WDBC 32 (real) 2 569
3 WPBC 34 (real) 2 198
4 Sonar 60 (real & integer) 2 208

The MOO algorithms were implemented in Matlab. The parameter set-
tings of NSGA-II and modified AMOSA used in the experiments are pre-
sented in Table 3 and Table 4, respectively.

Table 3 NSGA-II parameter values used in the experiments.

Data set Npop Peross Prut Ngen
WBCO 100 0.8 1/9 100
WDBC 100 0.8 1/30 200
WPBC 100 0.8 1/32 200
Sonar 100 0.8 1/60 500

Table 4 Modified AMOSA parameter values used in the experiments.

Data set AL B Tmaz Tonin « iter
WBCO 100 1.5 200 0.001 0.81 50

WDBC 100 1.5 200 0.001 0.81 400
WPBC 100 1.5 200 0.001 0.81 400
Sonar 100 1.5 200 0.001 0.81 500

The default parameters of DMS were used (version 0.2, May 2011) with-
out cache. This DMS version is freely available for research, educational or
commercial use, under a GNU lesser general public license [1].

In this chapter, 10-fold cross validation is used. After the application of
multi-objective algorithms and selection of the features, the fuzzy classifica-
tion models are validated using the test subsets. The prediction performance
of the classifier is estimated by considering the average classification accuracy
of the 10-fold cross validation experiments.
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4.2 Results for Different Data Sets

The NSGA-II, Modified AMOSA, and DMS methods are applied to minimize
both the size of feature subsets and the average misclassification rates for all
data sets. The number of fuzzy rules is equal to 2 for WBCO and 3 for the
other databases used in this work.

4.2.1 Wisconsin Breast Cancer Original

The WBCO data is widely used to test the effectiveness of classification al-
gorithms. The aim of the classification is to distinguish between benign and
malignant cancers based on nine measurements (attributes): clump thickness,
uniformity of cell size, uniformity of cell shape, marginal adhesion, single ep-
ithelial cell size, bare nuclei, bland chromatin, normal nucleoli and mitoses.
The attributes have integer values in the range [1,10]. The original database
contains 699 instances. However 16 of these are excluded as they are incom-
plete, which is common in data mining. The class distribution is 65.5% benign
and 34.5% malignant [29].

Table 5 Feature subsets for WBCO data set with 10 fold cross-validation.

Selected features Value of
NF NSGA-II Modified DMS l-accuracy
AMOSA (%)
1 {2} {2} {2} 7.153
2 {2,6} {2,6} {2,6} 4.721
3 {1,2,6} {1,2,6} - 4.435
3 - - {1,3,6} 3.720
4 - - {1,3,4,6} 3.577
5 - - {1,2,3,5,6} 3.434

Table 5 shows the set of nondominated solutions obtained by NSGA-II,
Modified AMOSA, and DMS. The obtained feature subsets are similar for
the three algorithms.

In Figure 2, the nondominated solutions for each algorithm are presented,
and it is shown that DMS presents the best results.

4.2.2 Wisconsin Diagnostic Breast Cancer
In WDBC, features are computed from a digitized image of a fine needle aspi-

rate of a breast mass. They describe characteristics of the cell nuclei present
in the image. The attribute information for WDBC is as follows: ID numbers,
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Pareto Front — WBCO using 10-fold cross—validation
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Fig. 2 Comparison of algorithms for WBCO data set.

diagnosis (M = malignant, B = benign) and ten real-valued features are com-
puted for each cell: nucleus radius (mean of distances from center to points on
the perimeter), texture (standard deviation of gray-scale values), perimeter,
area, smoothness (local variation in radius lengths), compactness, concav-
ity (severity of concave portions of the contour), concave points (number of
concave portions of the contour), symmetry and fractal dimension [2].

Table 6 Feature subsets for WDBC data set with 10 fold cross validation.

Selected features Value of
NF NSGA-II Modified DMS l-accuracy
AMOSA (%)
1 {24} - {24} 8.260
2 {24,28} - - 6.151
2 - - {21,25} 4.745
3 {22,24,28} - - 4.569
3 - - {2,21,25} 4.042
3 - - {2,24,28} 4.042
3 - - {22,24, 29} 4.042
3 - - {24, 25,29} 4.042
4 {8,22,24,25} - - 4.394
4 - {21,26,29,30} - 6.503
4 - - {2,3,24,25} 3.339
4 - - {2,21,28,29} 3.339
5 {8,10,22,24,25} - - 3.866
5 - {2,3,8,21,29} - 5.800
5 - - {2,14,21,25, 28} 2.812
5 - - {14,21,22, 25,28} 2.812
6 - - {2,14,21,25,28,29} 2.636
6 - - {2,14,24, 25,28, 29} 2.636
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The obtained nondominated solutions using NSGA-II, Modified AMOSA
and DMS are summarized in Table 6. Figure 3 presents the average misclas-
sification rates and feature subset cardinality of the three algorithms. DMS
is clearly the best, followed by NSGA-II and Modified AMOSA, which yields
quite poor results when compared to the other two algorithms.

Pareto Front — WDBC using 10-fold cross-validation
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8 O DMS 1
7
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Number of Selected Features

Fig. 3 Comparison of algorithms for WDBC data set.

4.2.3 Wisconsin Prognostic Breast Cancer

In this dataset, each record represents follow-up data for one breast cancer
case. These are consecutive patients and include only those cases exhibiting
invasive breast cancer and no evidence of distant metastases at the time of
diagnosis. The first 30 features of the WPBC data set are computed from
a digitized image of a fine needle aspirate of a breast mass. They describe
characteristics of the cell nuclei present in the image [2]. Table 7 shows the
feature subsets obtained by DMS, NSGA-IT and Modified AMOSA. Figure 4
presents the results obtained by the three algorithms. DMS is the best of the
three algorithms, and can find much more points on the Pareto front. In this
case, NSGA-II and Modified AMOSA present similar results, both yielding
a small number of solutions.

4.2.4 Sonar Data Set

The sonar data set contains information of 208 objects and 60 attributes. The
objects are classified in two classes: “rock” and “mine”. A data frame with
208 observations and 61 variables is used. The first 60 represent the energy
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Table 7 Feature subsets for WPBC data set with 10 fold cross validation.

Selected features Value of
NF NSGA-II Modified DMS l-accuracy
AMOSA (%)
1 {25} - - 23.74
1 - - {5} 22.73
2 {1,25} - {1,25} 19.70
2 - - {1,22} 19.70
3 - {11,23,24} - 21.72
3 - - {1,13,25} 18.18
4 - {1,3,7,22} - 18.69
4 - - {1,13,22,32} 17.17
5 {1,6,8,13,25} - - 19.19
5 - - {1,13,20,22, 32} 16.67
5 - - {1,13, 24,26, 32} 16.67
6 {1,6,8,13,19,25} - - 18.18
6 - - {1,6,11,13,18,32} 16.16
6 - - {1,13,22, 26,27, 32} 16.16
7 - - {1,13,20,22,26,27,32}  15.66
10 - {1,2,5,8,13,14,15, - 18.18
17,22, 24}
12 - - {1,2,6,11,12,13, 14, 14.65
17,18, 22, 24, 32}
14 - - {1,2,7,9,12,13, 14,17, 13.64
18,20,22,24, 26,29}
20 - - {1,2,5,9,12,13,14,16,17, 13.13
18,20, 21, 22, 24, 25, 26, 27,
28,29,31}

within a particular frequency band, integrated over a certain period of time.
The last column contains the class labels. There are two classes “0” if the
object is a rock, and “1” if the object is a mine (metal cylinder) [2].

This data set is an interesting challenge for the proposed algorithm as
the number of features is bigger than the usual benchmark examples. The
obtained feature subsets are given in Table 8. Note that Modified AMOSA
cannot find models with less than 13 features. On the other hand, NSGA-II
has only results up to 7 features.

Figure 5 show the results obtained by the three algorithms. DMS presents
clearly the best results, also for a wider spread of number of features. NSGA-
IT has good results for a small number of features. The results using Modified
AMOSA are far from the Pareto front.

4.2.5 Discussion

By analyzing and comparing the four datasets, it can be concluded that
Modified AMOSA was not able to deal with the feature cardinality in the
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Pareto Front — WPBC using 10-fold cross—validation
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Fig. 5 Comparison of algorithms for the sonar data set.

objective function. NSGA-II proved to be a good algorithm for MOO, as
expected. However, the very recent DMS algorithm is clearly the best of the
three tested algorithms.

5 Conclusions

In this chapter, the feature selection problem is approached as a multi-
objective problem. Two of the most important objectives for the feature
selection problem were addressed: the minimization of the feature subset
cardinality and the minimization of the classification error.
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Table 8 Feature subsets for sonar data set with 10 fold cross validation.

Selected features Value of
NF NSGA-II Modified DMS l-accuracy
AMOSA (%)
1 {11} - {11} 25.48
2 {11,163} - - 24.04
2 - - {11,17} 23.56
3 {11, 16,21} - - 23.08
3 - - {11, 18,19} 19.71
1 {11, 15,21, 46} - - 20.67
1 - - {11,17, 19, 52} 16.83
5 {11, 15,21, 38, 46} - - 20.19
5 - - {11,17,36, 45,54} 16.35
6 - - {3,9,11, 18, 19, 54} 15.87
7 {3,4,11, 14, 21, 36, 46} - - 17.79
7 - - {3,9,11,18,19, 54,60} 15.38
8 - - {5,11,17,18, 36, 39, 46,59} 14.90
9 - - {5,11,14,17, 18, 36,39, 46,59} 14.42
10 - - {5,11, 14,17, 18, 36, 39, 41, 13.94
16,59}
13 - {1,4,7,12,13, 15, 16, - 27.88
17, 23,27,36,49,59}
14 - - {7,11,17, 18, 23, 25, 30, 31, 13.46
35,36, 44, 49, 50, 52}
15 - {3,4,11,12,13,15,17,29, - 25.48
30, 34, 35, 40, 49, 59, 60}
16 - {1,3,4,8,9,12,13, 15,24, - 24.04
25, 27, 33, 35, 36, 40, 47}
18 - {3,11,12,13,17, 21, 30, 34, - 22.21
35, 36, 40, 45, 49, 50, 55,
57, 58,60}
18 - - {4,7,11,13,17, 18,24, 29, 30,31, 12.98
32,34, 35, 36, 47, 49, 50, 51}
19 - {10, 11, 12,15,17, 18, 21, - 19.23
25, 29, 30, 34, 35, 45, 47, 49,
50, 52, 59, 60}
19 - - {4,7,11,13,17, 24, 29, 30, 31, 32, 12.50
34,35, 36,47, 49, 50, 51, 55, 58}
20 - - {4,7,11,13,17, 24, 29, 30, 31, 12.50
32, 34, 35, 36, 46, 47, 49, 50, 51,
55,58}
21 - - {8, 11,17, 18, 20, 21, 24, 27, 30, 11.54
31, 32, 35, 36, 39, 40, 43, 49, 50,
53,60}
22 - - {8, 11,17, 18, 19, 20, 21, 24, 27, 11.06

30, 31, 32, 35, 36, 39, 40, 43, 48,
49,50, 53, 60}

26 - - {4,8,11,17,18, 19, 20, 21, 24, 10.10
27,29, 30, 31, 32, 34, 35, 36, 39,
40, 43, 45, 47, 49, 50, 53, 55}

27 - - {4,8,11,17, 18, 19, 20, 21, 24, 9.615
27, 29, 30, 31, 32, 34, 35, 36, 39,
40, 43, 45, 47, 49, 50, 53, 55, 60}

Archived multi-objective simulated annealing was adapted to cope with
the feature selection problem. The modified AMOSA is compared with two
multi-objective optimization algorithms: NSGA-II and DMS. In order to eval-
uate the feature subsets, fuzzy models are used.

Both NSGA-IT and DMS outperformed the proposed modified AMOSA.
NSGA-II is a population based multi-objective algorithm, which showed to be
more efficient in approximating the Pareto front. DMS also progresses with
the evolution of a set of nondominated solutions, and the greedy properties
of the search mechanism granted a better performance for approximating the
Pareto front. One of the key mechanisms in modified AMOSA is the creation
of a new solution by using the neighborhood of the current solution, which
is called perturbation. The results showed that this search mechanism is not
effective. Thus, the perturbation scheme should be improved.
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