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Abstract

Clustering analysis includes a number of differalgorithms and methods for grouping
objects by their similar characteristics into catégs. In recent years, considerable effort has
been made to improve such algorithms performancéhis sense, this paper explores three
different bio-inspired metaheuristics in the clustg problem: Genetic Algorithms (GAs),
Ant Colony Optimization (ACO), and Artificial ImmenSystems (AIS). This paper proposes
some refinements to be applied to these metahiegristorder to improve their performance
in the data clustering problem. The performancéhefproposed algorithms is compared on
five different numeric UCI databases. The resuhlisvs that GA, ACO and AIS based
algorithms are able to efficiently and automaticédirming natural groups from a pre-defined
number of clusters.

Keywords: clustering problem; genetic algorithms; ant colaptimization; artificial
immune systems

1 Introduction

Many researchers from different areas face a gengerstion of how to organize observed data int@amregful

structures, that is, to develop taxonomies; thisstjan is answered by clustering analysis. Clusgeainalysis is an
exploratory data analysis tool which aims at sgrtidifferent objects into groups in a way that thegrte of
association between two objects is maximal if thelpng to the same group and minimal otherwisenTblkistering
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analysis can be used to discover structures inwi#ttaut any prior knowledge. The resulting taxomesmmust meet
the following properties: homogeneity within theusters and heterogeneity between clusters [1][BlST it is
desirable to obtain the greatest similarity betwda&ta points into a cluster and the greatest dikssity between data
points from different clusters. One of the appraachsed to solve clustering problems is the usduster centers
that are imaginary points in the search space. patft is classified using Euclidean distance roetithe nearest
center.

Metaheuristics, such as Genetic Algorithms (GA)t Aolony Optimization (ACO), Artificial Bee Colony
(ABC) algorithm, and Artificial Immune System habeen efficiently used to achieve optimal or apprately
optimal solutions without requiring prior knowledgkout the data set to be clustered [3][4][5][dBT]In a previous
work [9], GA and ACO algorithms were refined usilegal search in order to improve the clusteringuaacy.
Experimental results on five different databasesiged evidences that GA and ACO are suitable negtdstics to
deal with this problem.

This paper extends the study in [9] by adding adtgroup of algorithms: Atrtificial Immune Systen®i$) [10].
AIS cover algorithms inspired by the principles gndcesses of the vertebrate immune system. ThHgedtlams
represent a new approach and its application tteriing deserves to be studied. Here, GA and A@Oriéhms and
their refinements through local search, and AlSrligms were developed to solve clustering probl&his paper
presents them and their results on five databamesborate that these metaheuristics are effettivéeal with the
problem. The objective function aims at minimizitige square root of the sum of the squares of tffereinces
between each object and its respective center.

The rest of this paper is organized as followsti6e@ presents the data clustering problem arateelworks.
Section 3 addresses the bio-inspired metaheurisids ACO and AIS. Section 4 explains empirical ds&s
performed using these metaheuristics on data cingtand Section 5 compares the different appraachmally,
concluding remarks are given in Section 6.

2 Clustering Algorithms

Clustering is concerned with grouping together otsjghat are similar to each other and dissimibathe objects
belonging to other clusters. Clustering technigeigslore similarities between patterns and grouglainpatterns
into categories or groups. In many fields thereddnéous benefits to be had from grouping togesimilar objects.
For example, in a medical application we might wistind clusters of patients with similar symptan@ ouping

objects into categories is a fairly common activtyd it has been intensified due to the large nurobmformation

that is currently available [1][2]. There are mamportant issues and research trends for clustgritthms and a
comprehensive overview can be found in [11]. Tkistion focuses on related works.

Although, there is no consensus, most researclessrilie a cluster by considering the internal haanegy
and this proximity measure directly affects thenfation of the resulting clusters. Once a proxinmigasure is
chosen, the construction of a clustering critefiomction makes the partition of clusters an optatizn problem.

In this paper the data clustering problem is mati@le a clustering optimization problem. Given astdances
set witha attributes and a predetermined number of clustrdhe objective function aims to find out an oim
cluster setting such that the sum of squared Eemfidlistances between each object and the certtaz bElonging
cluster is minimized (see Equation (1)), and tHe¥ang constraints have to be satisfied: each ddijact belongs
to only one cluster, and no cluster is empty.

L 2
Minimize ] = Y7, Xy Wi,j,/22=1(xia —Ca) )

wherex; is the vector of data objects; is the value ofth attribute ofith data objectg; is the vector ofth
cluster centersg, is the value ohth attribute ofith cluster centeny; is the associatex-c; pair value, such that;
is 1 if objecti is grouped into clustér and 0 otherwise.

The k-means algorithm is one of the most populgorthms for clustering; it is algorithmically sirep
relatively robust and gives good results over aewidriety of data set. However, the algorithm iswn to suffer
from local convergence and depends on initial v@[d®]. Although, a large variety of clustering @lighms have
been developed over the last years, there is nglesialgorithm that can meet and handle all thetefusy
requirements [12]. Metaheuristics, such as GA, AGB(C, and AIS have been efficiently used to achiepémal
or approximately optimal solutions without requdgiprior knowledge about the data set to be cludtg8H4][5][6]
[71[8][13]. This paper explores three different hispired metaheuristics: GAs, ACO and AIS. At deling,
related works for each of these bio-inspired matabtics are described and a complete review ofutiomary
algorithms for clustering can be found in [13].

Some studies showed that GA is a viable techniquedlving the clustering problem [3][14][15][16]{1 A
genetic algorithm for classical clustering is then@tic K-means Algorithm (GKA) [14]. It combinesetkimplicity
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of the K-means algorithm with the robustness of @#s to find a globally optimal partition for a daset into a
specific number of clusters. The purpose of the G&® minimize the total intracluster variancesceknown as the
measure of squared error. However, its crossoverabqr is expensive, so some changes were progosdhis
algorithm as in the Fast Genetic K-Means Algoritfis] and in the Incremental Genetic K-means Aldont[16].
They reach a global optimum and are faster than Gksther algorithm proposed to solve the same lprolis the
GA-clustering algorithm [17]. Its clustering metiiie the sum of the Euclidean distances of the pdimm their
respective cluster centers, as defined in EquéfipriThe Genetic Algorithm for Clustering (GAC) adoped in this
work is based on the GA-clustering algorithm [1&chuse it reaches satisfactory results to solvecltisering
problem.

The first ACO algorithm for data clustering problemvas presented by Shelokar et al. [6]. It maielies on
pheromone trails to guide ants to group objectemieg to their similarity, and on a local searblattrandomly
tries to improve the best iteration solution befapaating pheromone trails. Their local searchagfggmed as
follows: the cluster number of each object is alewith a predefined probability {g 0.01); A random number)(
is generated for each object; €, the object is moved to other cluster. After thealosearch, the quality of the
solution is obtained and it is compared to the igualf the ant, if it is better, then the ant iplaced. The ACO
algorithm proposed by Kao and Cheng [5], called Safony Optimization for Clustering (ACOC), atterapb
improve the Shelokar's algorithm by introducing tbencept of dynamic cluster centers in the anttetus
process, and by considering pheromone trails andstie information together at each solution constion step.
The ACO for Clustering presented in this paperaisdal on the ACOC algorithm proposed by Kao and G&n

The interest on AIS algorithms have been growinthalast years and many algorithms have been peabtm
solve clustering problems, as discussed in [8][&][L9][20][21][22]. Some of the founders of themlgorithms are
Timmis et al. [18] and Castro & Von Zuben [19][20h Timmis et al. [18] the authors compare the Alh
Kohonen Networks. Castro & Von Zuben [19] presen@dnalG (CLONal selection ALGorithm), originally
proposed to solve machine learning and patterngrétion problems and later adapted to solve opttion
problems. Castro & Von Zuben [20] presented theeti(drtificial Immune Network) algorithm that inquorates the
ClonalG as part of the training process of a netwdfurthermore, some works have been proposegtimiae the
aiNet algorithm, like in Tang et al [8], where thethors use the aiNgito cluster documents; another example can
be found in Liu et al [21]. Castro & Timmis [22] gmented the opt-aiNet (Artificial Immune Networkr fo
Optimization) algorithm, as an optimization-aimedession for aiNet. In this paper, the ClonalG [48H opt-aiNet
[22] algorithms proposed were chosen once theifirfte simplest AIS algorithm while the secondhis enhanced
version that can effectively perform global andalogearch.

3. Metaheuristics: GA, Memetic, ACO, AIS

This Section describes the different algorithms @mapplication to the Clustering problem. All deebio-inspired
algorithms use a particular type of objective fimethat prescribes the optimality of a solutiortisat the particular
solution may be ranked against all the other smhgti In this work, the Equation (1), described étt®n 2, is used
for all the algorithms. In GA and Memetic algorithtime term “fitness function” is equivalent to thbjective
function described above. In the same way, “affiniieasure” in AlS refers to the objective function.

3.1 Genetic and Memetic Algorithms

Genetic algorithms are inspired by the theory ofura selection and genetic evolution and they hheen
successfully applied to the optimization of complerocesses. From an initial population, basic dpesaare
applied consisting of selection, crossover and tiartg23]. These operators evolve the populationegation to
generation. Through the selection operator moréesopf those individuals with the best fithess {hedues of the
objective function) are probabilistically allocatethe crossover operator combines parts of twonpa@utions to
create a new solution. The mutation operator meslifiandomly the solution created by crossover dthirhe
descendent population created from the selectimssover and mutation replaces the parent populafibere are
various techniques of substitution, for exampliiseh [23].

The hybridization is an extremely effective way iterease performance and efficiency of GAs. Thetmos
common form of hybridization is to integrate inté\&a technique of local search as a decisive pahd evolution,
and also to incorporate the domain specific knogéeth the search process. Such approaches of Irdirich are
called Memetic Algorithms (MA) [23]. The local seldrcan be characterized as a local refinement wahsearch
space. Therefore, MA is related to the culturalletvon as individuals are adapted to meet the neétise problem.
On the other hand, GA is based on the biologicalution of individuals, in such a way that the pffisg will inherit
many skills and characteristics present in thegpnitors.

The main idea of a MA is to explore the neighborhod the solutions obtained through GA by searchdngl
optima solutions before returning to the GA andticme the process. All steps of GAs, such as delgctrossover
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and mutation are present in MAs. In summary, tiferdince between these two classes of algorithrieigclusion
of an optimization step of the individuals, throutje addition of local search operators that sfizeidhe learning
for each individual [24].

The operators of crossover and mutation can genenalividuals of the population that are locatedirne
unexplored local optima. Thus, a new solution stido explored for a minimization problem. Howevtris
improvement in the quality of the solution usuddlgds to a significant increase in computatiomaéti

GAC developed in this work is based on the GA-drisg algorithm [17] because it reaches satisfgatesults
to solve the clustering problem and it also modeésproblem as we described at the beginning sfdéction. The
GAC was developed in Java from Bigus and Bigus'ecf@b] and its pseudocode is shown in Figure 1.roblem
is represented by chromosomes consisting of a dignaray ofc cluster centers. In amdimensional space, each
center is composed of coordinatesr( genes). The data structure includes, in additiothé centers, a reference to
the data of those clusters, although they do nicjg@ate in the evolutionary process.

Begi n

1. t =0

2. initialize population P(t)

3. conpute fitness P(t)

4. t =t +1

5. if termnation criterion is achieved go to step 10
6. select P(t) formP(t-1)

7. crossover P(t)

8. mutate P(t)

9. go to step 3

H
e

out put best and stop

m
>
o

Figure 1. Pseudocode of GA-clustering algorithm [17]

The initial population of GAC is formed by chromaoses withc centers randomly obtained from the data set.
Initially, the centers are the data set pointseAthe generation of new populations, the centecetime imaginary
points obtained in the evolutionary process.

The fitness function of the GAC is given by Equatid). The selection operator of individuals focleaew
population is the roulette method. Three typesa$sover operators were implemented: (a) one-jigrtcluster, (b)
one-point intracluster and (c) multi-point intrastier, as depicted in Figure 2. The first two opasatre based on a
one-point crossover operator, in which a positibthe chromosome is randomly selected (cut poimd) the genes of
one side of the chromosome are exchanged betwetdvidimals [23]. The one-point intercluster operaisran
adaptation of the intercluster operator specifith® problem of clusters implemented in the GACereim the cut
point is the end of a center, and whole centergarhanged between individuals. The third operatptemented is
the multi-point intracluster based on uniform com&s operator, where each gene is exchanged betweair of
chromosomes randomly selected with a certain piitityabf exchange [23]. In GAC, the exchange betwegnes
occurs whenever the value of the gene is greagerdh equal to 0.5.

Two types of mutation operators were implemented: gne-gene and (b) gene to gene. The first operato
performs the mutation in a single gene of the e¢endmdomly selected according to the probabilftynaitation. The
latter operator can perform the mutation in allegenf a randomly selected center, according tgtbbability of
mutation. Regardless of the type of operator, trdars are represented by a floating point, theatiaut changes the
gene value within a fixed percentagecalled here as the movement of the mutation.tiier a numbed in range
[0..1] is generated with uniform distribution. Thifsthe value of a gene ig after mutation it will bes * d * £+ p%.
The signs of movement ('+' or ') occur with eqoiabability. Since the algorithm works on datauea normalized
in the range [0..1], it was implemented the reflieetthe cases in whicki exceeds the limits of that range after
mutation.

Each new population is generated with the same aizthe parent population. To adjust the GAC, three
alternatives of elitism were evaluated. In thet filgernative of elitism, a new population is cors@d only by the best
individuals between the parent and descendant atpus, called in this paper as "the best". In #seeond
alternative, 50% of the new population consistsbe$t solutions from parent population and 50% Far best
solutions generated by the evolutionary processllyi the last alternative of elitism preservefydhe best solution
of the parent population, as occur in [17]. Thepping criterion of the algorithm is the maximum raen of
iterations or the maximum number of generationsavit improvement (15 generations).
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Figure 2: lllustration of crossover operators one-poinérotuster, one-point intracluster and multi-pomttacluster
in GAC

3.1.1 Local Search — Memetic Algorithm

The Memetic Algorithm for Clustering (MAC) is a &on of the GAC with local search. The local searsthod
implemented in the MAC is the First ImprovementisTis a refinement heuristic, a kind of Hill Clinmgj, which stop
the exploitation of the neighborhood when a betteighbor is found. Thus, only in the worst case wWmle
neighborhood is explored [26].

MAC is based on GAC. So, the implementation of M#&@n GAC needs to perform the local search after th
creation of each new individual in order to expldse neighborhood (after line 8 in Figure 1). Eawighbor is
generated by a movement of up to £ 5% in a gemagiasion) of the chromosome, similarly to mutatigemtor.
This process is followed from the first to the lgshe of a chromosome until a better neighbor usido First, the
movement is accomplished by adding. Then, the meweris performed by subtraction. In the worst ciss
generated a neighbor for each gene with movementsitd +5% until -5%. If there is no better neighb the
individual is not replaced.

3.1.2 Number of Objective Function Evaluations

The number of fitness function evaluations perfanhy GAC and MAC was analyzed as a computationat co
measure. The exact complexity of each algorithm m@tscalculated but in this kind of algorithms cepted as
computational cost the number of evaluations [27].

In GAC algorithm the evaluation of the fitness ftioo is calculated after the creation of each nediiidual. So,
the number of evaluations will be equal to the namiif new individuals created in each generatiottiplied by
the number of generations. In MAC algorithm the bemof objective function evaluations increasesoaemtially
due to the inclusion of the local search where ewibhbor explored must be evaluated. This indg#tat, in the
worst case, Z*n neighbors for each chromosome will be generatetl @raluated, where is the number of
clusters andh is the number of dimensions.

3.2 Ant Colony Optimization

ACO metaheuristic is an example of an artificiabsnv intelligence which is inspired by the colleetibehavior of
social insects [28] [29]. In the ACO algorithm, antificial ant simulates the pheromone trail foliag the behavior
of real ants to find the shortest route betweeaaa fsource and their nest. Each artificial antextdl the necessary
information about the problem, stochastically makewn decision, and constructs solutions in pwige way. The
behavior that emerges is a group of relatively intlligent" ants that interact through simplesgibnd dynamically
self-organize maintaining their positions arounel shortest trails: ants leave their nest withofgdrination about the
location of food sources, move randomly at init#ps, and deposit a substance called pheromotigeoground.
The pheromone marks a trail, representing a solito a problem, which will be positively increasedbecome
more attractive in subsequent iterations. So, terg@mone concentration indicates how useful wasisn serving
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as a history of the best ants’ previous movememsid®s the pheromone concentration, ants can usistie
function values that generally indicate an explitituence toward more useful local information.

The ACO for Clustering presented in this paperasda on the ACOC algorithm proposed by Kao and €hen
[5]. In the ACOC, the solution space is represeriitgdan object-cluster matrix containimgrows (objects) and
columns (clusters). Ants can stay in only one @&f d¢ttlusters for each object. A vector (S) of sizés used to
represent each solution built by ants. Each elemwitite vector corresponds to one of thebjects and its attributed
value represents the cluster number assigned Eadh ant moves from one node to other, deposésopione on
nodes, and constructs a solution in a stepwise Magach step, an ant selects an ungrouped ohjecaads it to its
partial solution by considering both pheromonerisity and heuristic information. Nodes with strongheromone
and heuristic values would be more likely to beskd by ants. The heuristic information indicakesdesirability of
assigning a data object to a particular clusteis tibtained by calculating the reciprocal of theli€lean distance
between the data object to be grouped and eacteckesnter (see Equation (1)). Each ant carriesnéecs matrix
(C) and updates it right after each clustering step.

The following steps are performed by ACOC [5]:

1. Initialize the pheromone matrix to small valueg){

2. Initialize all ants: initialize cluster centers mat(C,) and the weight matrix (W} that associates each object
with a center. Initially, each matrix position &t $o -1 indicating ungrouped objects. Eventuabgch matrix
position will be set to 0 if the object does nololog to the corresponding center or, otherwiswilitbe set
to 1;

3. Select an objedt each ant selects an objéct

4. Select a clusteyr to determing for a selected objedt two strategies, exploitation and exploration, ban
applied depending on the result of Equation (2)Eploitation: allows ants to move in a greedy mamto
a node whose product of pheromone level and h&unstue is the highest (see Equation (2)); (b)
Exploration: allows probabilities to candidate nedand then let an ant chooses one of them inchastic
manner according to Equation (3). The more promisimode is, the higher its probability;

5. Update ants’ matrices: update weight matrix)hd cluster centers matrix;

6. Check each ant’s solution: if the ant’s solutioatee () is complete, then go to step 7, otherwise, gk bac
to step 3;

7. Calculate the objective function value of each(@)tby using Equation (1). After that, rank the smos of
ants in the ascending order @vdlues. The best solution is called iteration-lsegttion (elite solution). It is
compared with the best-so-far solution, and theebene will be the new best-so-far solution;

8. Update pheromone trails: the global updating relapplied, and only the elitist ants are allowedhda
pheromone at the end of each iteration. The phemertrail is updated by Equation (6);

9. Check termination condition: if the number of ititwas exceeds the predefined maximum iteration rarmb
then it is stopped and the best-so-far solutigrtisrned. Otherwise, go to step 2.

The Equations used by ACOC are presented bellow.
talokrs 1B .
i = { arg maxjen, {[tG DI M*GD]"}  ifa<ay )
S, otherwise
whereq, is a predefined probability is a randomly generated probability;;is thec clusters setSis selected
according to Equation (3).
o ramEan]®
PX(,j) = ———~—, 3
D 3B, [eGefnka ] )
wherePX(i,j) represents the probability of assigning the objéstclusterj; [t(i,j)]* represents the pheromone
trail between andj indicating how useful this pair was in the p@ﬁﬁ&(i,j)]B represents the heuristic function for ant
k defined in Equation (4).

kK _ 1
T] - dk(i,j) 1 (4)

wheredX (i, j) represents the Euclidian distance between obgutl centej by using Equation (5):
P 2
d(i,) = 281 (xia — ¢f5) ®)
The positive constantg and § are used to indicate the influence of the pher@moconcentration and the

heuristic, respectively. The constant is not used in ACOC [5], but it will beed here to show the influence of the
pheromone concentration on solutions construction.
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Tt + 1) = (1 - p)r;(0) + T, ATE, (6)

wherep is the pheromone evaporation rate, @ < 1;t is the iteration number; K is the number of editﬂs;At{}
is obtained by calculating the reciprocal of thgeotive function J Different from ACOC, in this papedn{} is

obtained by calculating the reciprocal of the ofijecfunction J divided by the existent objects number (m) (see
Equation (7)).

1
At(D) = e (7)

3.2.1 Local Search

The present paper aims to analyze the performan8€0C, in terms of objective function and compigasl cost,
when applied a local search at the end of eachignlaonstructed by an ant. The proposed localcseisrapplied
after the six step of the ACOC. Different from tbeal search proposed by [6] that randomly alteesdiuster of an
object and only on the best solution of each itenatour proposed local search is applied afteheaxt completes a
solution and the change of cluster number is agpbiely when necessary, i.e., when it exists otlegitar more
similar to the object.

The following steps are performed by our local skafter the ACOC's step 6: (6a) Coverabhbjects of the S
vector (ant’s final solution); (6b) Compare thebject with each cluster centers to verify whiemter is more similar
to it; (6¢) If theo object is more similar to a center for which itsn@ot assigned by ant k, then an exchange to this
new center is performed. After that, tBeolution vector and the/ matrix is updated; (6d) If the local search covers
all the objects of the Svector, the algorithms goes to step (6e), othenitisgoes back to step (6b); (6e) After
completing all the necessary exchanges, the ahgoriialculates the objective function (see Equatig) If the new
found solution is better than the ant’s solutiay), the new solution is accepted, the ACOC variabtesreplaced by
the new local search variables, &/, S, and |, and the algorithm goes to ACOC's step 7.

3.2.2 Number of Objective Function Evaluations

An important aspect that needs to be analyzed latida to the computational effort spent on runstla two
algorithms (Pure ACOC and ACOC with local search}hie number of objective function evaluations.plre
ACOC after each ant constructs the complete solwiector and evaluates its value in terms of thgpative
function, the evaluations counter is incrementedobg. When ACOC uses local search, it receives eatls
solution vector, and after switching the objecenters, the counter is also incremented by one.

3.3 Artificial Immune Systems

AIS have been defined as adaptive systems insgiyeothmunology theoretical, with its principles antbdels
applied in problem solving [10]. CLONALG and opiNat algorithms are examples of AIS implementatift3.

The CLONALG algorithm is inspired by clonal selectitheory which establishes the idea that onlyehmsls
(antibodies) that recognize the antigens prolitgrgenerating copies (clones). Then genetic muisticur in the
clones, generating antibodies with higher affirfy the antigen that through the natural selecfioocess becomes
memory cells, which implies in better adapted ifdiials and more quickly and efficiently future respes to similar
antigens. The goal of the algorithm is to develapeanory pool of antibodies that represents a soiuth a problem,
while an antigen represents an element of the protdpace. Initially, the algorithm provides a losehrch via
affinity maturation (hypermutation) of cloned amtities and more clones are produced for better redtdelected)
antibodies, though the scope of the local seardhvisrsely proportional to the selected antibodesk. Then, a
second mechanism provides a global scope and iesdhe insertion of randomly generated antibodidxetinserted
into the population to further increase the divwgrand provide a means for potentially escapinglloptima [31].

The CLONALG algorithm was originally proposed by @astro & Von Zuben [20] and presented in two
versions: the first to solve machine learning aattgun recognition problems and, the second, faimopation
problems. With the evolution of CLONALG algorithnm artificial immune network model, called aiNet Hasen
proposed specifically to solve machine learnindgtgpa recognition, data compression and clustepiodplems [31].
Some studies showed the application of aiNet isteling [19] [20] [22]. Later, the aiNet principlegre extended
to solve optimization problems, generating the @iplet algorithm [19].

The implementation of CLONALG algorithm implies fokey decisions: encoding of antibodies and ansgen
definition of the affinity measure between antilesdiand antigens, and configuration of selection rmnthtion
processes.

The implementation moves through an antibodies ladpa Ahb, i=1,...,n, each one representing a candidate
solution (c centers of clusters), and a set of efgsto be grouped, represented by the antigenslgimm Ag,
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j=1,...,m The antigens population is represented by aly &ga,, wherem is the amount of antigen ahthe number
of features of each one. The antibodies populaien is represented by an array,Abwheren is the amount of
antibodiesk the number of clusters ahthe number of features.

The affinity measuré between antibodies and antigens is given by thdidaan distance as in Equation (1),
and as shorter the distance, the greater the neeakaffinity between them.

The amounth of antibodies to be cloned corresponds to a parsnaé the algorithm. The amount of clones
generated from each antibody selected is propattitm its affinity to the antigen (as higher thdirafy of the
antibody to the antigen, more clones will be getegha according to Equation 8:

numClones = round (?), 8

where £ is a clonal multiplication factom is the total amount of antibody.i[1,n] is the antibody current
ranking based on its affinity amdund (.)is a rounds operator.

The generated clones suffer a mutation process atvarsely proportional rate to its affinity toetlantigen (as
higher the affinity, lower the mutation rate) whicbnsists of a perturbation in the value of sonaatteristics of the
antibody. The amount of antibody characteristies suffer the perturbation is given by Equation (9)

p=(=).exp (=D, )

wherep is a parameter of the algorithm that defines theation rate of an antibody arids the normalized
affinity function of the antibody to the antigen.

Then, antibody characteristics are randomly sedeeted they will be perturbed by adding or subtrarta
percentage, defined as a parameter of the algqrigspecting the normalization of the featureseslu

The CLONALG algorithm for clustering presented limstwork is based on the optimization version pegabby
de Castro [30] and its pseudocode is shown in Eigur

S e I

Abg,

(2)

Re-select

(3)

<Sawar><] ¢ |

Figure 3: Flowchart of CLONALG [30]

The algorithm begins with the generation of ankatties population. Each antibody corresponds tanaidate
solution, containing the centers of data sets ramglgenerated and it performs the following steps:

1. A setof antigené\gis presented to the antibodies populatdm

2. The affinity measurd of the antibodies in relation to the antigensalklated;

3. Then highest affinity antibodies to the antigens areced to be cloned, generating the antibody subset
Abyy;

4, Tr?{e} antibodies selected will be cloned accordinghtir affinity to the antigens (as higher the rafi
more clones it will generate) by using Equatiop®ducing &C clones population;

5. TheC clones population is subjected to an affinity mattion process at an inversely proportional rate to
the affinity of the clone (as higher the affinitpwer the mutation rate), by using Equation 9, anatew
population of clone€* is produced;

6. TheC* clones population is evaluated and its affinityasigef* in relation to the antigens is calculated;

7. Then matured antibodies of the highest affinity areestdd to compose the next population generation,
since its affinity is greater than its original ibotdies;

8. The d worst antibodies are removed from the populatiod aeplaced by new randomly generated
antibodies.

This process repeats until a stop condition (numibgenerations) is reached.
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3.3.1 opt-aiNet algorithm

The opt-aiNet algorithm is based on the clonal cdile and immune network theories. The synergy hefsé
principles produces an evolutionary method that efactively perform local and global search, arsbahas
mechanisms to control the population size and raaarice of diversity. It can be considered an eidansf the
CLONALG algorithm, differing by the inclusion of #body-antibody interactions and presenting a skt o
characteristics that make it an important engimeeiimmune tool. Such characteristics includesaf)elitist and
deterministic mechanism for selection of clonesdaxide which cell will be part of the next genarafi and
correspond to a tournament between the parentgdliits clones; (ii) automatic determination of taedinality of
the population through the suppression and diweirsitoduction mechanisms; (iii) local (searchihg heighborhood
through the mutation operator) and global searahbioation; (iv) automatic convergence criterion arfd) the
ability to locate and maintain stable and optinwdilisons [19].

The opt-aiNet algorithm for the clustering problpresented in this paper is based on the de Casdrdianmis
algorithm [22] and it differs from the CLONALG algthm by the inclusion of antibody-antibody intetians, rather
than just antibody-antigen interactions.

The algorithm works with two cycles that are exeduintil a number of population generations is fiedc An
internal cycle of the algorithm, similar to the CNALG, is responsible for the network stabilizatitmough a
process of clonal expansion and affinity maturatidhe stabilization occurs when the population heaca stable
state, measured through the stabilization of figitf measure (fitness). The selection of whicbras will be part of
the next generation antibodies corresponds to mament between the parent cell and its clonesjfahé affinity
measure (fitness) of clones is greater than ttee&ms, they will replace them.

At the end of the internal cycle, the antibody-amdly interaction happens and some of the similds eee
eliminated to avoid redundancy, more specificdllysie that are below a suppression threshold. lti@uida number
of randomly generated antibodies are added to tiibaalies current population and the internal cyafelocal
optimizing re-starts.

As the CLONALG algorithm, this implementation repeats the antigens population as an afgy, wherem
is the amount of antigen ahdhe number of features of each one and the ardibgrbpulation by an arrad,,
wheren is the amount of antibodiek,the number of clusters andhe number of features. The affinity measure
(fitness)f between both antibody-antigen and antibody-antibedjiven by the Euclidean distance (see Equdfipn

Unlike CLONALG algorithm, the number of clones geated for each antibody and selected for clonal
expansion is fixed and it is a parameter of theritlym. The affinity proportional mutation is perfned according to
the following expression:

¢ = c+ aN(0,1), (10)
a= (%) Lexp (—f), (11)

wherec’ is a mutated celt, N(0,l) is a Gaussian random variable of zero na@hunitary standard deviatidh,
is a parameter that controls the decay of the gavekponential function aritl is the individual normalized fitness.

3.3.2 Number of Objective Function Evaluations

The number of affinity measure function evaluatioas be used as a measure of the computationadialtsis of
the CLONALG and opt-aiNet algorithms. In CLONALGgatithm, when an antigen is presented to antibodies
population, an affinity measure (fitness) is catetl for each antibody against the antigen preddstep 2 of the
algorithm). Also, an affinity measure is calculafed each matured clone in relation to the antigemg presented
(step 6 of algorithm). Then, for each antigen tlaee( + tCloneg* Nge, fithess function evaluations whelkéis the
number of antibodiesClonesis the number of clones generated &g, is the number of generations. In opt-aiNet
algorithm, the fithess function evaluations arefqened when each antigen is presented to the atiébo
population and also when clones are generated #natibodies, like CLONALG algorithm. However, unlikiat,
the number of evaluations depends on the executfoa number of generations or the network stalibira
measured by the stability of the affinity measukiso, after the network stabilization fitness fuinat evaluations
are performed for all antibodies in order to supprelements of the antibodies population.
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4 Empirical Studies

This section presents an empirical analysis tostigate the performance of each bio-inspired metasgte in the
clustering problem. GAC and MAC algorithms were panmed in Sub-section 4.1, ACOC with and withoutaloc
search were compared in Sub-section 4.2, and CLABALd opt-aiNet comparisons were presented in Scties
4.3. The best algorithms, in terms of the objecfivaction described in Section 2, was chosen fracheof these
comparisons and the selected ones are compareztiini®5. The best algorithms are evaluated usirgrfumeric
databases (previously used by the authors [32linalized between the range [0..1]. All the databasgere obtained
from [33] and they are presented in Table 1. Ireotd improve the text readability, we use an dlim®ach database
(column 2 of Table 1).

As our objective is to compare the performancehef tetaheuristics we chose databases composedof tw
clusters and with different number of attributes, is possible to analyze the behavior of eaetameuristic with
simple databases, such as Bupa that has only d@wensions (attributes), and with more complex loktas, such as
lonosphere that has 34 dimensions. The last attribuieach database represents the classificatieaoh instance in
a cluster. So, this attribute is not considerethéexperiments. The last column of Table 1 prasth@ number of
instancesalthough this number does not bring impact on tmaptexity of the clustering process.

Table 1: Information about the used databases

Database Alias Number of Attributes Number of Instances
Breast Cancer Wisconsin (Original} Breast 10 699
Liver Disorders? Bupa 7 345
Ecoli® Ecoli 8 336
Glass Identification’ Glass 10 214
lonosphere lonosphere 34 351

4.1 GAC and MAC empirical studies

Before any evaluation, the parameters of the dlyorneed to be set. So, GAC was executed with dgdeameters
values on the Breast database in order to choesbest setting among the existing possibilitieshsas, mutation
operator, crossover operator, mutation and crossmtes and elitism strategy. In all executions tluenber of
generations was 50 and one parameter was chodenreplaced. Also, the parameters proposed by @gtarling
algorithm [17] were evaluated. For each settinged€cutions of the algorithm were performed andaberage of
the best fitness was evaluated. Here, we wererngdkir a good set of parameters but we were avatethis process
must be enhanced to obtain the best parameteeaébr database. We did not focus on finding therapti set for
each metaheuristic.

The best parameters were: population size: 800ssoker probability: 0.8; mutation probability: 0.1;
generations: 50; executions: 10. It was used thgsower operator with one-point intercluster, ihple centers are
exchanged between individuals. This operator isifipgo the clustering problem. It had better peniance than the
other crossover operators because it does not émigthe center during crossover, allowing a bettevergence of
the algorithm. The mutation operator used can perfine mutation in all genes of a random selectsder. The
mutation changes the gene value from -5% until +&PAC has an elitism strategy where only the bedividual
between the parent and child populations surviveCGtops when the number of generations is reaoh&hen 15
generations without improvement are executed.itnsiting, GAC converged to the best result abslitgeneration.

After finding the best setting, GAC and MAC weresented on the other four databases using thahgefthe
synthesis of the results is showed in Table 2. BRighesis contains the best, the worst and averhdgness
regarding of all solutions found. It also has thendard deviation among 10 best results and averhdiness
evaluation of GAC. The number of fithess evaluaids presented like GAC’s computational cost measilihe
standard deviation of results was relatively sniehows that GAC obtained results very closeaicheexecution.

The MAC parameters were also adjusted empiricalyubing Breast database. The execution of MAC was
performed using the same parameters of GAC. Howewverdecided to use populations with 100 individufair
MAC due to its high number of fithess evaluatiortated to the local search. Table 2 also preséetgdsults
achieved by MAC on five databases. MAC standardatiew is greater than GAC standard deviation, ehengh it
is a small number.

! Available at: http://archive.ics.uci.edu/ml/dats#Breast+Cancer+Wisconsin+%280riginal%29
2 Available at: http://archive.ics.uci.edu/ml/datageiver+Disorders

% Available at: http:/archive.ics.uci.edu/ml/datssEcoli

* Available at: http://archive.ics.uci.edu/ml/datmé8lass+Identification

® Available at: http://archive.ics.uci.edu/ml/datss@nosphere
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In these experiments the following data were amalyZa) Best solution; (b) Worst solution; (c) Aage of the
best solutions; (d) Standard deviation; (e) Avenagimber of objective function evaluations.

Table 2: Results of GAC and MAC

Catase | gotom | Eie e | s orie AR Messol S | Average o Fines
GAC 334.281 338.526 337.940 1.66 22400
Breast MAC 329.008 331.269 331.114 1.57 48747
GAC 92.325 93.978 93.695 0.51 18480
Bupa MAC 89.620 91.496 91.362 0.88 29491
. GAC 113.845 116.368 115.876 0.51 17520
Ecol MAC 110.791 112.021 111.747 0.51 25870
GAC 84.217 85.861 85.376 0.30 16560
Glass MAC 81.947 82.732 82.598 0.63 34788
lonosphere GAC 408.256 414.883 413.139 1.17 17120
MAC 411.349 415.922 415.208 2.38 71300

lonosphere database has the highest number dfutdtsi So, in this case, MAC was executed withaujadion
size equals to 100 and 200 varying the mutatiobaiiity between 10% and 20%. Nevertheless, theease of both
population size and mutation probability increatieel computational cost of the search and it didimptrove the
resulting fitness value. For example, with a motarobability of 10% and a population of 100 induals: the best
fitness average was 413.956962 and the numbetnet§ evaluations was 96,000. In a population 6fi@@ividuals,
the best fitness average was 411.356 with 2158586 evaluations. Therefore, we concluded tipatpailation size
of 100 is more feasible than a population size @ 2onsidering the trade-off computational cost hadefit on
performance.

MAC was configured with the same parameters of G#€ept the population size set to 100, while in GAC
was 800. Although MAC obtained better fithess ti&hC with a significantly smaller population, it hadgreater
computational cost because it needed a signifigdniggher number of fithess evaluations. The onlgegtion is
lonosphere database, where GAC had better fithessMAC.

In order to compare the results obtained, we usedNilcoxon test [27] provided by the software R][3The
test received as input the values obtained fronothput of 10 repetitions of each algorithm andimeed thep-value.
In this study, it was considered a significanceldy = 0.05) so, g-value greater tham indicates that the algorithms
compared are statistically identical. Otherwisere¢his a difference in the algorithms performandd® Wilcoxon
test indicated that there was a significantly défece among results of both algorithms on Ecokldase g-value =
1.083 e-05). Figure 4(a) shows the results of coimpa between GAC and MAC on Ecoli. MAC had befiaress
values (lowest values in terms of the objectivecfiom) (lower trace) and the lowest median valuee(in box).
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Figure 4. Comparison of GAC and MAC on (a) Ecoli and (bydsphere Databases
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In the case of lonosphere database there wasiffis@dce among algorithms results, according éoWfilcoxon
test p-value= 0.00002165). But in this case, GAC had the beésults than MAC and smaller variance among data
(Figure 4 (b)). Despite this, we applied Wilcoxasttto compare MAC and GAC on all databases usdtisn
empirical study, we do not present all boxplots ttuspace limitation. Nevertheless, the analysisaxplots showed
that MAC had better performance than GAC on Gl&ss]i and Bupa databases with significance leveatgr than
o (Breastp-value = 1.083e-05, Bupg-value = 1.083e-05 and Glagsvalue = 2.165e-05).

4.2 ACOC empirical studies

ACOC without local search was executed with vapathmeters values on the Breast database in argaobse the
best setting among the following possibilities: Pleromone Concentration Influence: variabléA) assumes 0.5
and 2; (2) Heuristic Influence: varialfig(B) assumes 1 and 5; (3) Pheromone Evaporatidneimie: variable (R)
assumes 0.1 and 0.7; (4) Exploitation Probabitity(Q0) assumes 0.4 and 0.8. The following parameterdixed:
(a) Number of Iterations: 100; (b) Number of Arit§; (c) Number of Elite Ants (K): 1; (d) Number BEpetitions:
10. Sixteen different parameters variations weexated and the best setting found was (refer tpff@5more details
on the parameters settings): (a) B = 5, high imfbge of the heuristic function; (b) A = 2, high uinhce of the
pheromone concentration; (c) R = 0.7, high pheramraporation; (d) Q0 = 0.8, high exploitation oitity. It can
be noted that the heuristic function is acting fwsly in the clustering process. The pheromoneodiéed by each
elite ant, at the end of the iteration, is alsengcpositively in the process, helping future aoatdind the way to the
best solutions. The greater the likelihood of eitpton, lower the probability of the algorithm fnd different
solutions (diversification) for the clustering pheim. Due to the exploitation, the algorithm tendddllow the best
solutions ever found.

Table 3 presents the results of the executions ©@OB without and with the local search proposed. All
executions used the best parameters found whemgitire ACOC on Breast database (B 5, A 2, R 0070@®). In
these experiments the following data were analyzaXdBest solution; (b) Worst solution; (c) Averagethe best
solutions; (d) Standard deviation; (e) Average nemndd objective function evaluations. With the kiteesult one can
note the aspect of diversity versus convergencetlamdomputational cost in terms number of objecfinction
evaluations.

As can be seen in the last column of Table 3, AG@E local search provided less computational ao$erms
of the average number of objective function evaduet for the following databases: Bupa (600), E¢@B3),
lonosphere (472) and Glass (528). The exceptionfarathe Breast database, whose number of evahsatizas
lower with ACOC (222.40) against the 240 evaluaiom ACOC with local search. One can also seeAG&C
with local search showed better solutions tharAB®C without local search for all databases: Bréa31.05), Bupa
(90.53), Ecoli (113.75); lonosphere (404.82) ands8l(84.78). Regarding the worst solutions anagtesage of the
best solutions, the ACOC without local search shibthe worst values for all databases. When theinement was
examining the standard deviation from the averaig¢he solutions, the two algorithms showed simiatues.
Finally, we conclude that for all the databasesube of ACOC with local search was advantageots.dossible to
notice that ACOC with local search obtained bettestering quality in terms of the objective fuocti

Table 3: Results of ACOC and ACOC with local search

Objective Objective Average Obijective Standard Average of the
Database Algorithm Function of the Function of the Function of the Deviation Objective Function
Best Solution Worst Solution Solutions Evaluations
B ACOC 331.56 331.56 331.56 0.00 222.40
reast
ACOC with local search| 331.05 331.44 331.26 0.11 024
B ACOC 90.69 91.59 91.12 0.35 650.40
upa
P ACOC with local search 90.53 90.61 90.56 0.03 600
Ecoli ACOC 113.84 113.88 113.86 0.02 570
coli
ACOC with local search| 113.75 113.84 113.79 0.04 8 28
ACOC 404.93 405.24 405.00 0.114212 660
lonosphere )
ACOC with local search 404.82 404.90 404.86 0.034597 472
al ACOC 84.96 85.11 85.01 0.06 540.20
ass
ACOC with local search| 84.78 84.87 84.82 0.03 528
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In order to compare the results obtained, a Wilcovest [27] was performed for each of the five Hates. The
following p-values were obtained: Breast (6.386 e-05), Bupa0(.766), Ecoli (0.001427), Glass (0.0001494), and
lonosphere (0.0001575). For all the databasespthie ACOC and ACOC with local search were consitlere
statistically different. Then, it is necessary tmsider the boxplot graph (see Figure 5) to detamihich technique
provides better performance. We do not presenibatplots due to space limitation. Nevertheless,ahalysis of
boxplots showed that ACOC with local search hadebgierformance than ACOC for all databases asbiesh
analyzed in Table 3. Figure 5 shows the compargdioth ACOC and ACOC with local search result&=moli and
lonosphere. ACOC with local search obtained theé pedormance (lowest values in terms of the objedunction)
and the lowest median value.
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Figure 5: Comparison of ACOC and ACOC with Local Search{@nEcoli and (b) lonosphere Databases

4.3 CLONALG and opt-aiNet empirical studies

The parameters of CLONALG and opt-aiNet algorithmese configured using the same methodology expdaine
before. The algorithms were executed with varigglirparameters values on the Breast database. araenpters
proposed by de Castro and Timmis [22] were théalnéet and 16 different parameters were triedh eme with 10
executions of CLONALG and opt-aiNet algorithms. Ttelowing parameters for CLONALG algorithm were
defined: number of generations (100), antibody population size (N=200), numbesmanfibodies with greatest
affinity selected for cloning (n=25), clonal factf@=1) and number of lowest affinity antibodies tolese with
random antibodies (d=40). For the opt-aiNet al@ponitthe following values of input parameters werdngel:
number of generations (N=100), antibody population size (N=50), number lohes generated for each antibody
(n=50), suppression threshold=0,2), average error value (0,001), scale of tHaigf proportional selection
(B=100) and number of lowest affinity antibodies éplace with random antibodies (d=20). After findithg best
parameters, both CLONALG and opt-aiNet algorithnesevexecuted on the databases and the resultb@s@ o
Table 4.

From the results shown in the Table 43, it is galedio note that opt-aiNet algorithm was bettent@d ONALG
algorithm for all databases. The analysis ofBlest Solutiorcolumn showed an improvement of the fitness famcti
value from 128.652 to 112.526 on Ecoli databaspraqimately 12.53%. In other databases this imprem was
11.31% on lonosphere, 11.28% on Breast, 6.68% assa@ind 2.84% on Bupa. However, this improvemeifitiniess
function value was achieved through a large ineré@ashe number of fitness function evaluationsicivitan be seen
in the last column of the table. This can be ex@diby the increased antibody-antibody interactioribe opt-aiNet
algorithm, beyond those iterations antibody-antjgeresent in CLONALG algorithm. In addition, theadysis
showed a significant reduction in the standardateu for the opt-aiNet algorithm, which concludedt it gets very
close results in each execution.

In order to compare the results of the experimeiitts CLONALG and opt-aiNet algorithms, the Wilcoxtest
[27] was used. The obtained p-values were: Breaf88e-05), Bupa (1.083e-05), Ecoli (0.0001817hokphere
(0.0001817) and Glass (1.083e-05) indicating thataigorithms were statistically different (for igrsficance level
of 0.05). Considering the boxplot graphs for eaatablase, shown in Figure 6, it can be concludedapaiNet
algorithm was better than CLONALG algorithm.
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Table 4: Results of CLONALG and opt-aiNet

- - Average o
. Affinity of the Affinity of the . Standard Average of the Affinity
BEiElEE Qdsuhn Best Solution Worst Solution ALy Eh 0s Deviation Evaluations
Solutions
B CLONALG 371.291 1196.079 755.512 17.155338 95600
reast
opt-aiNet 329.421 329.691 329.572 0.03338% 750110
B CLONALG 92.983 448.645 207.670 2.965003 95600
upa
P opt-aiNet 90.340 102.605 92.595 0.005617 757647.8
Ecoli CLONALG 128.652 477.042 250.071 7.102849 95600
coli
opt-aiNet 112.526 146.997 139.132 0.001867 1245168.
CLONALG 605.765 925.807 763.703 4.550036 95600
lonosphere .
opt-aiNet 537.236 587.521 564.651 0.007078 1828686.6
al CLONALG 87.463 360.505 198.451 5.033613 95600
ass
opt-aiNet 81.619 102.925 93.540 0.002968§ 1515905.6
) )
T
ClonalG opt-Ainet ClonalG opt-Ainet
Algorithms Algorithms

@ (b)

Figure 6: Comparison of CLONALG and opt-aiNet on (a) Eanid (b) lonosphere Databases

5. Comparing the different approaches: MAC, ACOC with local search and opt-aiNet

This section presents the comparison among thee tBie-inspired metaheuristics proposed for the tehirsg
problem that achieved the better results: MAC, AC&It local search and opt-aiNet.

Table 5 presents the best solution, the standaridtde and the average of the number of objectivetion
evaluations for each algorithm in all databaseg WA\C obtained the best solutions for the threaloades Breast,
Bupa and Ecaoli, although these values were notiféereht. Other important aspect to be notice it tthe MAC
presented a much higher computational cost if coatpavith ACOC with local search. The computatiooast of
opt-aiNet is even higher than the cost of ACOC Maital search and MAC. For example, for the Breashbase,
MAC performed 48747 objective function evaluatidasobtain a fithess of 329.008; opt-aiNet perforni&®110
objective function evaluations to obtain a solutieith affinity of 329.454,while the ACOC with local search
performed only 240 objective function evaluationsobtain a solution with objective function valuguals to
331.053. For the other databases the same compaigan be made by analyzing Table 5. This high coational
cost can be explained considering that GAs, in ggnare more probabilistic than ACO metaheuristi®s, GAS’
convergence is slower and, consequently, it pedoanhigher number of fithess evaluations. The Imigimber of
objective function evaluations in opt-aiNet algonit occurred because it needed to evaluate theeastigopulation
in relation to the antibodies population, as wsll the evaluation of each antibody of the antitogiepulation with
each other. Nevertheless, opt-aiNet was the algoribat achieved the lowest standard deviation.

For the Glass database, opt-aiNet found the badt@odespite having both the highest averagehift®ns and
computational cost. For the lonosphere databhsegdmputational simulations revealed that the AG@G local
search proved to be the best algorithm in termhefjuality of solutions found and computationatco
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Table 5: Results of MAC, ACOC with local search and opt-&tiN

; Objective Function of Standard Average of the Objective
Dilizoei Al the Best Solution Deviation Function Evaluations
MAC 329.008 1.57 48747
Breast ACOC with Local Search 331.053 0.11 240
opt-aiNet 329.421 0.033385 750110
MAC 89.620 0.88 29491
Bupa ACOC with Local Search 90.53 0.03 600
opt-aiNet 90.340 0.005617 757647.8
MAC 110.791 0.51 25870
Ecoli ACOC with Local Search 113.75 0.04 288
opt-aiNet 112.526 0.001862 1241168.6
MAC 81.947 0.63 34788
Glass ACOC with Local Search 84.78 0.03 528
opt-aiNet 81.619 0.002968 1515905.6
MAC 411.349 2.38 71300
lonosphere ACOC with Local Search 404.82 0.034597 472
opt-aiNet 537.236 0.007078 1828686.6

In order to compare the results of these thre@betyorithms (MAC, ACOC with local search and aptiet),
the Kruskal-Wallis one-way analysis of variancerdnyks (KW) [36] was performed for each of the filatabases by
using the 10 better results obtained by each ahlgoriKW is a non-parametric method for testing diguaf
population medians among the algorithms. The data fall the executions was first combined and rdnkem
smallest to largest. The average rank was then gtmdgor the data at each algorithm. Sinceptvalue is less than
0.05, there was a statistically significant diffece amongst the medians at the 95.0% confidene¢ [Bv determine
which medians were significantly different from baathers, it was necessary to analyze the boxgtatshs for the
five databases in Figure 7.

The following p-values were returned by the Kruskal-Wallis tested®t (0.00387), Bupa (0.001783), Ecoli
(2.392e-06), Glass (2.399e-06), and lonosphereAT246). According to thesp-values, for all databases, the
algorithms were considered statistically differesu, there was difference among the algorithms’qoarance. It is
easy to see from Figure 7 (c) that for Ecoli dasabslAC obtained better performance than the otheralgorithms
in terms of the objective function and the lowestdmn value. On the other hand, ACOC with localrclea
outperformed MAC and opt-aiNet on lonosphere datal@s shown in Figure 7 (e). Although the MAC hebented
the best solution for the Breast and Bupa datatmsekown in Table 5, the algorithms were stagilificlifferent and
considering all the best solutions obtained inlibeepetitions opt-aiNet had the best performancéhiese databases
(Figure 7 (a) and (b)) especially in terms of serallariance among the objective function. In additiopt-aiNet had
the lowest median for Glass database as showrgimd=i7 (d).

Despite ACOC with local search achieved the bdstisa only for one database (lonosphere), itsltedar the
other databases are close to the results of MACoatdiNet. In addition, ACOC with local search hthd lowest
computational cost for all databases with a satisfg standard deviation. Opt-aiNet algorithm exedua higher
number of objective function evaluations than MA@ sACOC with local search, but it achieved the Imestlian for
three databases.

6 Conclusion

This paper analyzed the performance of the GA, AD@ AlS metaheuristics for solving data clustepngblem in
an experiment with five numeric databases. Expeantaieresults provided evidences that GA, ACO an& Ale
suitable metaheuristics to deal with this problenthie context of our experiment. The six algorithpnssented in
this paper (GAC, MAC, pure ACOC, ACOC with locabseh, CLONALG and opt-aiNet) were able to effedyve
discover clusters for the five databases used.eTtesallts also showed that, in our experimentatgerithms with
local search (MAC and ACOC with local search) haattdr performance than their pure metaheuristietas
versions (GAC and ACOC). With respect to immuneatgms, opt-aiNet presented better results tha®RALG
since it is an extension that considers interaatiothe network cells with each other.
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Figure 7. Comparison of ACOC with Local Search, MAC and-ajiet on (a) Breast, (b) Bupa, (c) Ecoli, (d) Glas
and (e) lonosphere Databases

MAC, ACOC with local search and opt-aiNet were ddesed statistically different. Opt-aiNet had bette
performance on three databases and ACOC with ealch and MAC achieved better fithess on one da¢ab
Despite, ACOC with local search performed fewereotiye function evaluations than opt-aiNet and MA®is is
mainly due to two important characteristics of ACQOCuses two information to guide the ants durggutions
search: a history of the best ants' previous monerfEheromone concentration) and an explicit infleee toward
more useful local information (heuristic functioit)allows, besides an exploration transition rtihe ants to move in
a greedy/deterministic manner to a node whose ptazfypheromone and heuristic value is the higttast, is, when
selecting a cluster to an object, the most singite is generally chosen.
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Other observed behavior was that GAs based algusithresented more variability on the results thencother
algorithms. This behavior can be due to its crossand mutation operators and need to be bettéyzaakin future
works. Other aspects to be noticed here is thastibstitution strategies of population in AlS altfons are more
elitist than GA where the best individual is alwagdected. ACO is also more elitist than GA oncly time best ant
adds pheromone at the pheromone matrix. An iniagesharacteristic of the opt-aiNet algorithm, wharmpared
with other evolutionary algorithms, such as GA,tle dynamic variation of population size at run eiry
suppression of the similar solutions and the geioeraf new random individuals (antibodies).

Some limitations of our study are: the algorithnregah to know the number of clusters and the expetinvere
not performed using a fixed computational costuFeitvorks are going to focus on these issues.
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