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Abstract

In this work we compare the use of a Particle Swarm Op-
timization (PSO) and a Genetic Algorithm (GA) (both aug-
mented with Support Vector Machines SVM) for the clas-
sification of high dimensional Microarray Data. Both al-
gorithms are used for finding small samples of informative
genes amongst thousands of them. A SVM classifier with
10-fold cross-validation is applied in order to validate and
evaluate the provided solutions. A first contribution is to
prove that PSOgy s is able to find interesting genes and
to provide classification competitive performance. Specifi-
cally, a new version of PSO, called Geometric PSO, is em-
pirically evaluated for the first time in this work. In this
sense, a comparison of this approach with a new GA gy
and also with other existing methods of literature is pro-
vided. A second important contribution consists in the ac-
tual discovery of new and challenging results on six public
datasets identifying significant in the development of a va-
riety of cancers (leukemia, breast, colon, ovarian, prostate,
and lung).

1 Introduction

Microarray technology (DNA microarray) [24] allows
to simultaneously analyze thousands of genes and thus
can give important insights about cell’s function, since
changes in the physiology of an organism are generally as-
sociated with changes in gene expression patterns. Sev-
eral gene expression profiles obtained from tumors such as
Leukemia [13], Colon [2] and Breast [28] have been stud-
ied and compared to expression profiles of normal tissues.

However, expression data are highly redundant and noisy,
and most genes are believed to be uninformative with re-
spect to studied classes, as only a fraction of genes may
present distinct profiles for different classes of samples.
So, tools to deal with these issues are critically important.
These tools should learn to robustly identify a subset of in-
formative genes embedded out of a large dataset which is
contaminated with high-dimensional noise [6].

In this context, feature selection is often considered as
a necessary preprocess step to analyze these data, as this
method can reduce the dimensionality of the datasets and
often conducts to better analyses [14]. Two models of fea-
ture selection exist depending on whether the selection is
coupled with a learning scheme or not. The first one, filter
model, which carries out the feature subset selection and the
classification in two separate phases, uses a measure that is
simple and fast to compute. Hence, a filter method, is in
definition, independent of the learning algorithm used after
it. The second one, the wrapper method, which carries out
the feature subset selection and classification in the same
process, engages a learning algorithm to measure the classi-
fication accuracy. From a conceptual point of view, wrapper
approaches are clearly advantageous, since the features are
selected by optimizing the discriminate power of the finally
used induction algorithm.

Feature selection for gene expression analysis in cancer
prediction often uses wrapper classification methods [20] to
discriminate a type of tumor, to reduce the number of genes
to investigate in case of a new patient, and also to assist
in drug discovery and early diagnosis. Several classifica-
tion algorithms could be used for wrapper methods, such
as K-Nearest Neighbor (K-NN) [15] or Support Vector Ma-
chines (SVM) [7]. By creating clusters a big reduction of



the number of considered genes and an improvement of the
classification accuracy can be finally achieved.

The definition of the feature selection problem is this:
given a set of features F' = { f1, ..., fi, ..., fn}, find a subset
F’ C F that maximizes a scoring function © : I' — G such
that

F' = argmazrccr{O(G)}, (1)

where I is the space of all possible feature subsets of F' and
G a subset of I'. The optimal feature selection problem has
been shown to be NP-hard [23]. Therefore, only heuristics
approaches are able to deal with large size problems. Re-
cently, such advanced structured methods have been used
to explore the huge space of feature subsets, like for exam-
ple metaheuristics as Evolutionary Algorithms and, specifi-
cally, Genetic Algorithms (GAs) [29, 6, 16].

In this work, we are interested in gene selection and clas-
sification of DNA Microarray data in order to distinguish
tumor samples from normal ones. For this purpose, we pro-
pose two hybrid models that use metaheuristics and clas-
sification techniques. The first one consists of a Particle
Swarm Optimization (PSO) [18] combined with a SVM ap-
proach. PSO is a population based metaheuristic inspired
by the social behavior of bird flocking or fish schooling (ex-
plained in Section 2). Actually, PSO is being successfully
used in multitude problems and in this work we will use
a geometric PSO. The second model is based on the pop-
ular GA using a specialized SSOCF [17] crossover opera-
tor, that will be also combined with SVM in our approach.
Both proposed approaches are experimentally assessed on
six well-known cancer datasets (Leukemia, Colon, Breast,
Ovarian [10], Prostate [27] and Lung [11]), discovering new
and challenging results and identifying specific genes that
our work suggests as significants. Performances of pro-
posed GPSO and GA algorithms solving the gene extraction
problem (using SVM) are compared in this paper. Specifi-
cally, we focused in the capacity of the GPSO sy ps combi-
nation in order to provide considerable performance in this
matter. In this sense, comparisons with several state of art
methods show competitive results according to the conven-
tional criteria.

The outline of this work as follows. We review the
PSO and the SVM techniques in order to introduce our
GPSOgypr hybrid model in Section 2. In Section 3, the
six microarray datasets used in this study are described. Ex-
perimental results are presented in Section 4, including bi-
ological descriptions of several obtained genes. Finally, we
summarize our work and present some conclusions and pos-
sible future work in Section 5.

2 Gene Selection and Classification by
GPSOgsy

In this section, we describe the hybrid GPSO sy s ap-
proach for gene selection and classification of Microarray
data. The PSO algorithm is designed for obtaining gene
subsets as solutions in order to reduce the high number of
genes to be later classified. The SVM classifier is used
whenever the fitness evaluation of a tentative gene subset
is required.

2.1 Particle Swarm Optimization

Particle Swarm Optimization was first proposed by
Kennedy and Eberhart in 1995 [18]. PSO is a population
based evolutionary algorithm inspired in the social behav-
ior of bird flocking or fish schooling. In the description of
PSO, the swarm is made up of a certain number of particles
(similar to population of individuals in EAs). At each itera-
tion, all the particles move in the problem space to find the
global optima. Each particle has a current position vector
and a velocity vector for directing its movement.

Uf+1 = w-vf + 1 -rnd;y - (pBest; —:cf) +p2-rnda-(g; —:vf) 2)
forl = xf + varl 3)
Equations 2 and 3 describe the velocity and position up-
date of a given particle ¢ at a certain iteration k. Equation 2
calculates a new velocity v; for each particle (potential solu-
tion) based on its previous velocity, the particle’s location at
which the best fitness so far has been found pBest;, and the
population global (or local neighborhood, in the neighbor-
hood version of the algorithm) location at which the best
fitness so far has been achieved g;. Individual and social
weight are represented by means of ¢ 1 and @9 factors re-
spectively. Finally, rnd; and rndy are random numbers
in range {0, 1}, and w represents the inertia weight factor.
Equation 3 updates each particle’s position x; in solution
space.

2.2 The SVM Classifier

Support Vector Machines, a technique derived from sta-
tistical learning theory, is used to classify points by assign-
ing them to one of two disjoint half spaces [7]. So, SVM
performs mainly a (binary) 2-class classification. For lin-
early separable data, SVM obtains the hyperplane which
maximizes the margin (distance) between the training sam-
ples and the class boundary. For non linearly separable
cases, samples are mapped to a high dimensional space
where such a separating hyperplane can be found. The as-
signment is carried out by means of a mechanism called the
kernel function.



SVM is widely used in the domain of cancer studies, pro-
tein identification and specially in Microarray data [14, 16].
Unfortunately, in many bioinformatics problems the num-
ber of features is significantly larger than the number of
samples. For this reason, tools for decreasing the number of
features in order to improve the classification or to help to
identify interesting features (genes) in noisy environments
are necessary. In addition, SVM can treat data with a large
number of genes, but it has been shown that its performance
is increased by reducing the number of genes [12]. The
hybrid PSO and hybrid GA approaches next proposed con-
tribute notably in this sense.

2.3 The Hybrid GPSOgyv ) Approach

In order to offer a basic idea of the operation of our
GPSOgyp approach, in Figure 1, we can observe a sim-
ple scheme of how features are extracted from the initial
microarray dataset and how the resulted subset is evaluated.
In a first phase, the metaheuristic algorithm involved, PSO
in this case, provides a binary encoded particle! where each
bit? represents a gene. If a bit is 1, it means that this gene
is kept in the subset and 0O indicates that the gene is not in-
cluded in the subset. Therefore, the particle length is equal
to the number of genes in the initial microarray dataset.

The original PSO was initially developed for continuous
optimization problems. However, lots of practical enginee-
ring problems are formulated as combinatorial optimiza-
tion problems and specifically as binary decisions. Sev-
eral binary versions of PSO can be found in present liter-
ature [19, 5]. Nevertheless, these versions consist on ad hoc
adaptations from the original PSO and therefore their per-
formances are usually improvable. With the aim of facing
the gene selection problem, an innovative version of PSO,
based on the geometric framework presented in [22], has
been developed in this work. This version, called Geomet-
ric Particle Swarm Optimization (GPSO), enables to us to
generalize PSO to virtually any solution representation in a
natural and straightforward way. This property was demon-
strated for the cases of Euclidean, Manhattan and Hamming
spaces in the referenced work. Since the gene selection
problem has been represented by binary way, specific op-
erators for Hamming space were used in the PSO described
here.

2.4 Geometric Particle Swarm Optimiza-
tion

In this version, the location of each particle ¢ is repre-
sented as vector x; = (1,2, ..., 2N taking each bit

I'chromosome in GA and solution (S) in Figure 1
2allele in GA

x;; (with j in {1, N'}) binary values O or 1. The key is-
sue of the GPSO is the concept of particle movement. In
this approach, instead of the notion of velocity added to the
position, a three-parent mask-based crossover (3PMBCX)
operator is applied to each particle in order to “move” it.
According to the definition of 3PMBCX [22], given three
parents a, b and c¢in {0, 1}", generate randomly a crossover
mask of length n with symbols from the alphabet {a, b, c}.
Build the offspring filling each element with the bit from the
parent appearing in the crossover mask at the position. The
pseudocode of the GPSO algorithm for Hamming spaces is
illustrated in Algorithm 1. For a given particle ¢, three par-
ents take part in the 3PMBCX operator (line 13): the current
position x;, the social best position g; and the historical best
position found & ; (of this particle). The weight values w1,
w2 and w3 indicate for each element in the crossover mask
the probability of having values from the parents x ;, g; or h;
respectively. These weight values associated to each parent
represent the inertia value of the current position (w1l), the
social influence of the global/local best position (w2) and
the individual influence of the historical best position found
(w3). A constriction of the geometric crossover forces wl,
w?2 and w3 to be non-negative and add up to one.

Algorithm 1 Pseudocode of the GPSO for Hamming space.

1: S «— SwarmlInitialization()
2: while not stop condition do

3: for each particle x; of the swarm .S do

4: evaluate(x;)

5: if fitness(x;) is better than fitness(h;) then
6: hi — I

7 end if

8: if fitness(h;) is better than fitness(g;) then
9: gi — h;

10: end if

11: end for

12: for each particle x; of the swarm S do

13: z; < 3PMBCX ((zi,w1), (gi,w2), (hi,w3))
14: mutate(z;)

15: end for

16: end while

In summary, the GPSO developed in this study oper-
ates as follows: In a first phase of the pseudocode, the
initialization of particles are carried out by means of the
SwarmInitialization() function (Line 1). This special
initialization method (used also in our GA approach) was
adapted to gene selection as follows. The swarm (popu-
lation) was divided into four subsets of particles (chromo-
somes) initialized in different ways depending on the num-
ber of features in each particle. That is, 10% of particles
were initialized with N (prefixed value) selected genes (1s)
located randomly. Another 20% of particles were initialized
with 2N genes, 30% with 3N genes and finally, the rest of
particles (40%) were initialized randomly and 50% of the
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Figure 1. A simple scheme of how features (genes) are selected out from the original microarray
dataset using a particle with binary encoding. In a second phase, the resulted subset is evaluated
by means of a SVM classifier and 10-fold cross validation to obtain the fitness value (accuracy) of

such particle.

genes were turned on. In these experiments N will be equal
to 4. In a second phase, after the evaluation of particles (line
4), historical and social position are updated (lines 5 to 10).
Finally, particles are “moved” by means of the 3PMBCX
operator (line 13). In addition, with a probability of 50%, a
simple bit-mutation operator (line 14) is applied in order to
avoid the early convergence. This process is repeated until
reach the stop condition fixed to a certain number of evolu-
tions.

2.5 Evaluation Function

Since the position of a particle x; represents a gene sub-
set, the evaluation of each particle is carried out by means
of the SVM classifier to assess the quality of the represented
gene subset. The fitness of a particle x; is calculated apply-
ing a 10-fold Cross Validation (10FCV) method to calculate
the rate of correct classification (accuracy) of a SVM trained
with this gene subset. In 10FCYV, the data set is divided into
10 subsets. Each time, one of the 10 subsets is used as the
test set and the other 9 subsets are put together to form the
training set. Then the average error across all 10 trials is
computed. The complete fitness function is described in
Equation 4.

fitness(xz) = - (100/accuracy) + 3 - # features, (4)

where o and 3 are weight values set to 0.75 and 0.25 res-
pectively. The objective here consists of maximizing the ac-
curacy and minimizing the number of genes (# features).
For convenience (only minimization of fitness) the first fac-
tor is presented as (100/accuracy).

3 Data Sets

Instances used in this study consists of six well-
known datasets issued of microarray experiments, ALL-
AML Leuke-mia dataset, Breast cancer dataset, Colon

tumor dataset, Ovarian cancer dataset, Prostate cancer
dataset, and Lung cancer dataset. All of them were
taken from the public Kent Ridge Bio-medical Data
Repository with URL http://sdmc.lit.org.sg/
GEDatasets/Datasets.html.

o The ALL-AML Leukemia dataset consists of 72 mi-
croarray experiments with 7129 gene expression le-
vels. Two classes for distinguishing: Acute Myeloid
Leukemia (AML) and Acute Lymphoblastic Leukemia
(ALL). The complete dataset contains 25 AML and 47
ALL samples.

o The Breast cancer dataset consists of 97 experiments
with 24481 gene expression levels. Patients studied
show two classes of diagnosis called relapse with 46
patients and non-relapse with 51 ones.

o The Colon tumor dataset consists of 62 microarray ex-
periments collected from colon-cancer patients with
2000 gene expression levels. Among them, 40 tumor
biopsies are from fumors and 22 (normal) biopsies are
from healthy parts of the colons of the same patients.

o The Lung cancer dataset involves 181 microarray ex-
periments with 12533 gene expression levels. Classi-
fication occurs between Malignant Pleural Mesothe-
lioma (MPM) and Adenocarcinoma (ADCA) of the
lung. In tissue samples there are 31 MPM and 150
ADCA.

o The Ovarian cancer dataset consists of 253 microarray
experiments with 15154 gene expression levels. The
goal of this experiment is to identify proteomic pat-
terns in serum that distinguish cancer from non-cancer
scenarios. The dataset includes 162 (of 253) ovarian
cancers and 91 normal ones.

o The Prostate cancer dataset involves 136 microarray
experiments with 12600 gene expression levels. Two



classes must be differentiated: tumor with 77 (52 + 25)
samples and non-tumor with 59 (50+9) samples.

4 Experimental Results and Comparisons

For our GPSOgy s approach, the PSO was imple-
mented in C++ following the skeleton architecture of the
MALLBA [1] library. For the GAgy s approach the GA
was implemented in C++ using the ParadisEO [3] Frame-
work. The GA implements a generational evolution strategy
(offspring replacement with elitism) and uses the follow-
ing operators: deterministic tournament selection, SSOCF
crossover, and uniform mutation. The SVM classifier used
in both approaches is based on the LIBSVM [4] library. For
the SVM confi-guration, the same parameters were used in
PSO and GA algorithms and the Kernel function was con-
figured as Linear. The fitness function used in GA gy ps is
the same one (described in Section 2) as in PSO gy .

All experiments were carried out using a PC with Linux
O.S (Suse 9.0 with kernel 2.4.19) and a Pentium IV 2.8GHz
processor, with 512MB of RAM. GPSO gy py and GAgy pr
algorithms on six cancer related microarray datasets were
independent executed 10 times over each dataset, in order
to have statistically meaningful conclusions as both algo-
rithms are stochastic.

4.1 Parameters Settings

The parameters used in our GPSO and GA algorithms
are shown in Table 1. These parameter were selected af-
ter several test evaluations of each algorithm and dataset
instance until reach the best configuration in terms of the
quality of solutions and the computational effort.

Table 1. GPSO and GA parameters for gene
subset selection and classification

GPSO GA
Parameter Value | Parameter Value
Swarm size 40 | Population size 40
Number of generations 100 Number of generations 100
Neighborhood size 20 Probability of crossover 0.9
Probability of mutation 0.1 Probability of mutation 0.1
(wl, w2, w3) (0.33,0.33,0.34) | - -

4.2 Discussion and Analysis

Several observations can made based on the above expe-
riments, so we tackle the analysis of results focusing on the
performance and robustness of our algorithms, as well as
the quality of the obtained solutions providing a biological
description of most significant ones.

4.2.1 Performance Analysis

From the point of view of the performance, both algorithms
obtain in a few iterations acceptable results in gene se-
lection, providing reduced subsets with high classification
rates. However, the behavior is slightly different. Fig-
ure 2 shows a graphical evolution, in terms of the average
of the fitness value, of a typical execution of GPSO gy s
and GAgy . It is noticeable that in few iterations (4 or
5) the average of fitness decrease quickly and then stop in
similar solutions. The large diversity of solutions provided
in the initialization method (Section 2.3) provokes fast of
good solutions and the early convergence of both methods.
Although the G A gy as generally obtains lower average than
GPSOgvy nr, whose solutions have in turn higher diversity.

Results for all the datasets are shown in Table 2.
Columns 2 and 3 contain the average of the best solutions
obtained in 10 independent executions of GPSO gy s and
G Agy respectively. Six state of the art methods from
literature are presented in columns 4 to 10 in order to show
how our proposals actually push forward the research in this
area. Cells in - haven’t values to our knowledge. Standard
criteria are used to compare the results: the classification
accuracy in terms of the rate of correct classification (first
value in every table cell) and the number of selected genes
(the value in parenthesis).

In this comparison, we can observe that all solutions pro-
vided by our PSO gy s and GAgy ps algorithms present a
classification rate higher than 86%, and subsets with four
and less than four selected genes are common. We out-
perform all the existing results (to our knowledge) but one
case [14] presents an smaller subset of 2 genes. We suspect
that the initialization method used in our work helps the per-
formance of the algorithms significantly, finding small sub-
sets with a high classification accuracy. If we compare our
GPSO and GA metaheuristics combined with SVM simi-
lar results are found. In general, the GA approach obtain
better best solutions (Hits) although the best classification
was provided by GPSOgy s for the Colon tumor dataset
(100% accuracy and 2 genes in Table 4). From the point
of view of the accuracy average in all independent runs, the
GPSO obtain a better performance although the difference
with regard to the GA (as shows Fig. 3) is insignificant.

4.2.2 Algorithm Robustness

One of the most important criteria in evaluating any pro-
posed algorithm is the quality of the algorithm and its ability
to generate similar (identical) outcomes when executed sev-
eral times. This factor is very important for metaheuristics
which is the case in this work. To examine the robustness of
the two proposed approaches, in some instances, in all ten
runs both algorithms manages to find the same answer or
similar ones (not identical). However, it is worthwhile men-



Table 2. Comparison of relevant works on cancer classification with proposed models GAgy s and
GPSOgy - In bold we mark the most accurate results. Cells without known value (to us) are marked

with - character

Dataset GPSOsvm GAsvum [16] [6] [8] [14] [30] [21] [25]
Luekemia 97.38(3) 97.27(4) 100(25) - 100(4) 100(2) 87.55(4) - -
Breast 86.35(4) 95.86(4) - - - - | 79.38(67) - -
Colon 100(2) 100(3) 99.41(10) | 94.12(37) 97.0(7) | 98.0(4) 93.55(4) 85.48(-) 94.00(4)
Lung 99.00(4) 99.49(4) - - - - 98.34(6) - -
Ovarian 99.44(4) 98.83(4) - - 99.21(75)

Prostate 98.66(4) 98.65(4) - 88.88(20) - -

600

T
—*— PSO/SVM
—— GA/SVM

AVG Fitness

10

15 20 25
Number of Iterations
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Figure 2. Evolution of the average fit-
ness (AVG_Fitness) in a typical execution of
GPSOgy and GAgy p approaches using the
Leukemia dataset.

tioning that the total accuracy and number of selected fea-
tures in all the cases did not deviate from each other by more
than 5.5. Table 3 shows the result of running the GA gy ps
and GPSOgy s algorithms in terms of statistical results,
reporting the Best solution found, Mean and Standard De-
viation of ten independent runs.

Table 3. Comparison in terms of statistical
results of the GAsyy and GPSOgyy ap-
proaches. The Best solution found, Mean and
Standard Deviation of 10 independent runs were
reported

GPSOsvu GAsvum
Dataset Best Mean Std Dev. Best Mean Std Dev.
Leukemia 100(3) | 97.38(3) 3.80 100(4) | 97.27(4) 3.82
Breast 90.72(4) | 86.35(4) 4.11 100(4) | 95.86(4) 5.33
Colon 100(2) 100(2) 0.0000 100(3) 100(3) 0.0000
Lung 99.44(4) 99.00(4) 0.50 100(4) 99.49(4) 0.41
Ovarian 100(4) | 99.44(4) 0.38 100(4) | 98.83(4) 3.18
Prostate 100(4) 98.66(4) 1.14 100(4) 98.65(4) 3.24

4.2.3 Brief Biological Analysis of Selected Genes

Finally, a summary of the best subsets of genes found for
each dataset is shown in Table 4. All subset of reported
genes are closed to 100% test accuracy and present the min-
imum number of genes. It is remarkable that apparently (to
our knowledge) several discovered genes that has not been
seen in any past studies. In this sense, we can provide a
brief biological description of some of the most frequently
obtained genes since they are currently used in the design
of drugs and cancers treatment. Some of which are listed
below:

e Gene L12052 _at is “CAMP phosphodiesterase mRNA,
3’ end” which is used in drugs like Anagrelide
or Milrinone. Specifically the Anagrelide is used
for the treatment of essential thrombocytosis, and it
was proved to be effective in treating patients with
certain kinds of leukemia such as chronic myeloid
leukemia [26]. This gene belongs to a set of 3 genes
(reported from leukemia dataset in Table 4) with 100%
accuracy selected by the GPSOgy ;.

Gene AB022847 is a “Solute carrier family 6 (neuro-
transmitter transporter, noradrenalin), member 2” lo-
cated in plasma membrane. Current drugs like Radax-
afine, Amphetamine or Venlafaxine are associated
with this gene. Specifically, Venlafaxine is a prescrip-
tion antidepressant first introduced by Wyeth in 1993.
It is specifically used in management of hot flashes in
survivors of breast cancer [9]. This gene belongs to a
set of 3 genes (reported from breast dataset in Table 4)
with 95.8763% accuracy selected by the GPSO gy .

Gene 36245_at is “S-hydroxytryptamine (serotonin)
receptor 2B” located in human plasma membrane.
There are several drugs where this gene is used like
Risperidone, Blonanserin and Mirtazapine. Some
studies consider Mirtazapine as the first-choice agent
for anxiety and depression after lung transplantation.
This gene belongs to a set of 4 genes (reported from
lung dataset in Table 4) with 100% accuracy selected
by the GAsvar.



Table 4. Subsets of genes reported with 100% test accuracy
Dataset GPSOsvum GAsvu
Leukemi 100(3) U39226_at, L12052_at, 100() | Z26634-at, HG870-HT870-at
cukemia X99101_at X52005_at, LO2840_at
Breast 90.72(4) | NM_-012269, NM-002850 100(d) | NM_005014, AF060168
reas AL162032, AB022847 NM_021176, NM_013242
Col 100(2) 029092, M55543 1003) | M90684, M94132
olon X62025
L 99.44(4) | 31820_at, 33389_at 100(4) | 31573at, 33226.at
ung 39057_at, 40772_at 36245_at, 37076_at
Ovari 100(4) MZ49.784115, MZ3546.28584 | 100(d) | MZ420.40671, MZ825.16557
varian MZ4362.0866, MZ9159.3641 MZ1024.6857, MZ1166.0749
Prostate 100(4) 35106_at, 35869_at 100(4) | 41447-at, 34299 at
36754_at, 37107_at 39556_at, 39813_s_at
GA_svm
105
100 - — M leukemia(4)
> 95 - M breast(4)
Q
I colon(3)
3 90 1
&, lung(4)
85 1 movarian(4)
80 - W prostate(4)
75 -
1 2 3 4 5 6 7 8 9 10
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PSO_svm
105
Mleukemia (3)
> Mbreast (4)
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3
§ lung (4)
Wovarian (4)
W prostate (4)
1 2 3 4 5 6 7 8 9 10
Independent runs

Figure 3. Accuracy obtained by GPSOgy; and GAgy s in each independent run. Legends specify
the datasets with the number of features in parenthesis.

5 Conclusions and Future Work

In this work, two hybrid population based metaheuristics
(GPSO and GA) for gene selection and classification of high
dimensional DNA Microarray data were designed and com-
pared. Both approaches (GPSO gy and GAgy py) were
experimentally assessed on six well-known cancer datasets
disco-vering new and challenging results, and identifying

specific genes that our work suggests as significant ones.
In this sense, comparisons with several state of art methods
show competitive results according to standard evaluation.
Results of 100% classification rate and few genes per subset
(3 and 4) are obtained in most of our executions.

Continuing the line of this work, we are interested in a
multi-objective model for the feature selection problem in
order to discover new and better subsets of genes using spe-



cific microarray datasets. Parallel models for the proposed
hybrid metaheuristics using the ParadisEO framework will
also be considered.

References

(1]

(2]

[3

[

(4]

(5]

(6]

[7

—

[8

—

(91

[10]

(1]

[12]

[13]

[14]

[15]

E. Alba and M. Group. Mallba: A Library of Skeletons for
Combinatorial Optimisation. In Euro-Par, volume LNCS
2400, pages 927-932, 2002.

Alon, N. Barkai, D. Notterman, K. Gish, S. Ybarra,
D. Mack, and A. J. Levine. Broad patterns of gene ex-
pression revealed by clustering analysis of tumor and normal
colon tissues probed by oligonucleotide arrays. Proc. Natl.
Acad. Sci, 96:6745-6750, 1999.

S. Cahon, E.-G. Talbi, and N. Melab. Paradiseo: A frame-
work for parallel and distributed metaheuristics. In Proc. of
Internationa the Parallel and Distributed Processing Sym-
posium, pages 144-155, 2003.

C.-C. Chang and C.-J. Lin. LIBSVM: A library for sup-
port vector machines. Software available at URL http:

//www.csie.ntu.edu.tw/~cjlin/libsvm, 2002.
M. Clerc. Binary Particle Swarm Optimisers: Toolbox,
Derivations, and Mathematical Insights. URL http://
clerc.maurice.free.fr/pso/,2005.

D. Corne, E. Keedwell, and A. Narayanan. Two-phase
EA/K-NN for feature selection and classification in cancer
microarray datasets. In CIBCB, pages 1-8, 2005.

C. Cortes and V. Vapnik. Support-vector networks. Machine
Learning, 20(3):273-297, 1995.

K. Deb and A. R. Reddy. Classification of two-class can-
cer data reliably using evolutionary algorithms. Technical

report, KanGAL Report No. 2003001, 2003.

C. L. L. et al. Venlafaxine in management of hot flashes
in survivors of breast cancer: a randomised controlled trial.
The Lancet, 356(9247):2059-2063, 2000.

E. E P. et al. Use of proteomic patterns in serum to identify
ovarian cancer. The Lancet, 359:572-577, 2002.

G. J. G. et al. Translation of microarray data into clinically
relevant cancer diagnostic tests using gene expression ratios
in lung cancer and mesothelioma. Cancer Res, 62:4963—
4967, 2002.

T. Furey, N. Cristianini, N. Duffy, D. W. Bednarski,
M. Schummer, and D. Haussler. Support vector machines
classification and validation of cancer tissue samples using
microarray expression data. Bioinformatics, 16(10):906—
914, 2000.

R. Golub, D. K. Slonim, P. Tamayo, C. Huard, M. Gaasen-
beek, J. P. Mesirov, H. Coller, M. L. Loh, J. R. Downing,
M. A. Caligiuri, C. D. Bloomfield, and E. S. Lander. Molec-
ular classification of cancer: Class discovery and class pre-
diction by gene expression monitoring. Science, 286:531—
537, 1999.

I. Guyon, J. Weston, S. Barnhill, and V. Vapnik. Gene selec-
tion for cancer classification using support vector machines.
Machine Learning, 46(1-3):389-422, 2002.

J. L. Hodges. Discriminatory analysis. nonparametric dis-
crimination: Consistency properties. Technical report, 4,
US Air Force School of Aviation Medicine, Randolph Field,
TX, 1951.

[16]

[17]

(18]

[19]

[20]

[21]

(22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

E. B. Huerta, B. Duval, and J.-K. Hao. A Hybrid GASVM
Approach for Gene Selection and Classification of Microar-
ray Data. In F. Rothlauf, J. Branke, S. Cagnoni, E. Costa,
C. Cotta, R. Drechsler, E. Lutton, P. Machado, J. H. Moore,
J. Romero, G. D. Smith, G. Squillero, and H. Takagi, edi-
tors, Lecture Notes in Computer Science of EvoWorkshops,
volume 3907, pages 34-44. Springer, 2006.

L. Jourdan, C. Dhaenens, and E.-G. Talbi. A genetic algo-
rithm for feature selection in data-mining for genetics. In
Proceedings of the 4th Metaheuristics International Confer-
encePorto (MIC’2001), pages 29-34, Porto, Portugal, 2001.
J. Kennedy and R. Eberhart. Particle Swarm Optimization.
In IEEE International Conference on Neural Networks, vol-
ume 4, pages 1942-1948, 1995.

J. Kennedy and R. Eberhart. A Discrete Binary Version of
the Particle Swarm Algorithm. In /EEE International Con-
ference on Systems, Man and Cybernetics, volume 5, pages
4104-4109, 1997.

J. Kohavi and G. H. John. The wrapper approach. In Feature
Selection for Knowledge Discovery and Data Mining, pages
33-50, 1998.

B. Liu, Q. Cui, T. Jiang, and S. Ma. A combinational feature
selection and ensemble neural network method for classifi-
cation of gene expression data. BMC Bioinformatics, 5:136—
148, 2004.

A. Moraglio, C. D. Chio, and R. Poli. Geometric Particle
Swarm Optimization. In /0th European conference on Ge-
netic Programming (EuroGP 2007), April 2007.

M. Narendra and K. Fukunaga. A branch and bound algo-
rithm for feature subset selection. IEEE Trans. on Computer,
26:917-922, 1977.

A. Pease, D. Solas, E. Sullivan, M. Cronin, C. P. Holmes,
and S. Fodor. Light-generated oligonucleotide arrays for
rapid dna sequence analysis. In Proc. Natl. Acad. Sci., vol-
ume 96, pages 5022-5026, 1994.

S. Qi, S. W. Min, K. Wei, and Y. B. Xian. A combination
of modified particle swarm optimization algorithm and sup-
port vector machine for gene selection and classification. 7a-
lanta, 2006.

R. T. Silver. Anagrelide is effective in treating patients
with hydroxyurea-resistant thrombocytosis in patients with
chronic myeloid leukemia. Leukemia, 19(3):3943, 2005.

D. Singh, P. Febbo, K. Ross, D. Jackson, J. Manola, C. Ladd,
P. Tamayo, A. Renshaw, A. D’ Amico, and J. Richie. Gene
expression correlates of clinical prostate cancer behavior.
Cancer Cell, 1:203-209, 2002.

L.J. van’t Veer et al. Gene expression profiling predicts clin-
ical outcome of breast cancer. Nature, 415:530-536, 2002.
J. Yang and V. Honavar. Feature Extraction, Construction
and Selection: A Data Mining Perspective, chapter Feature
Subset Selection Using a Genetic Algorithm, pages 177-
136. 1998.

L. Yu and H. Liu. Redundancy based feature selection for
microarry data. In Proceedings of International Conference
on Knowledge Discovery and Data Mining, pages 22-25,
Seattle, Washington, 2004.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


