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Microarray data referencing to gene expression pro-
files provides valuable answers to a variety of prob-
lems, and contributesto advancesin clinical medicine.
The application of microarray data to the classifica-
tion of cancer types has recently assumed increas
ing importance. The classification of microarray data
samples involves feature selection, whose goal is to
identify subsets of differentially expressed gene poten-
tially relevant for distinguishing sample classes and
classifier design. We propose an efficient evolutionary
approach for selecting gene subsets from gene expres-
sion data that effectively achieves higher accuracy for
classification problems.

Our proposal combines a shuffled frog-leaping al-
gorithm (SFLA) and a genetic algorithm (GA), and
chooses genes (features) related to classification. The
K-nearest neighbor (KNN) with leave-one-out cross
validation (LOOCYV) is used to evaluate classification
accur acy.

We apply a novel hybrid approach based on SFLA-
GA and KNN classification and compare 11 classi-
fication problems from the literature. Experimental
results show that classification accuracy obtained us-
ing selected features was higher than the accuracy of
datasets without feature selection.
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1. Introduction

DNA microarray technology, which enables thousands
of gene expression activation levels to be simultaneously
monitored and measured in asingle experiment, is univer-
sally used in medical diagnosis and gene analysis. Many
microarray analysis research projects have focused on
clustering analysis, used to analyze group genes show-
ing a pattern correlated with gene expression data pro-
viding insight into gene interactions and functions [1-3],
and classification accuracy, which discriminates between
sample classes and predicts the relative importance of in-
dividual genesin sample classification [4].
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Gene expression data typically has a high dimension
and a small sample, which makes genera classification
testing and training difficult. Obtaining correct classifica-
tion is aso difficult. The purpose of classification is to
build an efficient model for predicting data class mem-
bership of data, expected to produce the correct label for
training data, and to predict the label for unknown data
correctly.

Generdly, only relatively small numbers of gene ex-
pression dataare strongly correlated with acertain pheno-
type compared to the total number of genes investigated,
meaning that of thousands of genes investigated, only a
small number correlate significantly with aphenotype. To
analyze gene expression profiles correctly, feature (gene)
selectionis crucial to classification.

Classifying microarray data samples involves feature
selection and classifier design. Reliable selection for
genes relevant to sample classification is needed to in-
crease predictive accuracy and to avoid incomprehen-
sibility. Such section should be based on the tota
number of genes investigated. Methods suggested for
use in used feature selection have include genetic algo-
rithms [5], branch and bound algorithms [6], sequen-
tial search agorithms [7], mutual information [8], tabu
search [9], entropy-based methods [10], regularized least
squares [11], random forests [12], instance-based meth-
0ds[13], and least squares support vector machines[14].

We embedded a genetic algorithm (GA) in a shuffled
frog-leaping algorithm (SFLA) and to serve as alocal op-
timizer for each generation in implementing feature se-
lection. To classify 11 classification problems taken from
theliterature, we used the K-nearest neighbor (KNN) with
leave-one-out cross-validation (LOOCV) based on Eu-
clidean distance calculationto evaluate the SFLA and GA.
Results showed that our proposal achieves superior clas-
sification accuracy when applied to the 11 datasets, com-
pared to previous methods. The number of genes needing
to be selected can also be significantly reduced.

2. Method

Our proposal is briefly explained in the sections below.
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2.1. Shuffled Frog-L eaping Algorithm

The shuffled frog-leaping algorithm (SFLA) combines
the benefits of a gene-based memetic agorithm (MA)
and social behavior-based particle swarm optimization
(PSO) [15]. A MA isagene-based optimization algorithm
similar to a GA. In a GA, chromosomes are represented
as a string consisting of a set of elements called “genes.”
Chromosomesin MA are represented by elements, called
“memes.” MAsand GA differ in that the MA implements
alocal search before crossover or mutations to determine
offspring. After the local search, new offspring that ob-
tain better results than original offspring replace origina
offspring, thus continuing the evolutionary process.

PSO isan evolutionary algorithm [16] in which individ-
ual solutions are called “particle” (analogous to the GA
chromosome), but PSO does not apply crossover and mu-
tation to construct a new particle. Each particle changes
its position and velocity based on the individual particle’s
optimal solution pBest and the corporate optimal solution
gBest until aglobal optimal solution is found.

The SFLA isderived from avirtual population of frogs
in which individual frogs are equivalent to the GA chro-
mosomes, and represent a set of solutions. Each frog is
distributed to a different subset of the whole population
called a memeplex. An independent local search is con-
ducted for each frog memplex, in what is called meme-
plex evolution. After a defined number of memetic evolu-
tionary steps, frogs are shuffled among memeplexes[17],
enabling frogs to interchange messages among different
memplexes and ensure that they move to an optimal po-
sition, similar to particlesin PSO. Loca search and shuf-
fling continue until defined convergence criteriaare met.

SFLA have demonstrated effectiveness in a number of
global optimization problems difficult to solve using other
methods, i.e., water distribution and groundwater model
calibration problems[18].

(2) Initia population

Aninitial population of P frogsis created randomly for
a Sdimensiona problem. A frog i is represented by S
variables, such asF = (fi1, fio, . . ., fis) .

(2) Sorting and distribution

Frogs are sorted in descending order based on their fit-
ness values, then the entire population is divided into m
memeplexes, each containing n frogs (i.e, P=mxn).
Thefirst frog is distributed to the first memeplex, the sec-
ond frog to the second, the mfrog to the m memeplex, and
the m+ 1 frog to the first memeplex, etc.

(3) Memeplex evolution
Within each memeplex, frogs with the best and the
worst fitness areidentified as X, and Xy, and the frog with
the global best fitness is identified as Xy separately. To
improve the worst solution, an equation similar to PSO is
used to update the worst solution, e.g., Egs. (1) and (2):
Changein frog position

D) =rand()- Xo—Xu)- . -« « - . .. ()
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New position X,,= current position X, + D;

where rand() is a random number between 0 and 1; and
Dmax isthe maximum change allowed in afrog’s position.
If this process produces a better solution, it replaces the
worst frog. If Egs. (1) and (2) do not improve the worst
solution, X, of Eq. (1) is changed to Xy and adapted to
Eq. (3):

Changein frog position

(Di)=rand()-(Xg—Xw). . . . . . . . . (3

If Egs. (1) and (3) do not improve the worst solution, then
anew solution israndomly generated to replace that worst
frog.

(4) Shuffling

After a defined number of memeplex evolution steps,
all frogs of memeplexes are collected, and sorted in de-
scending order based on their fithess. Step 2 dividesfrogs
into different memeplexes again, and then step 3 is done.

(5) Terminal condition
If a global solution or a fixed iteration number is
reached, the algorithm stops.

2.2. Genetic Algorithms

A genetic algorithm (GA) is a genera adaptive opti-
mization search based on a direct analogy to Darwinian
natural selection and genetics in biological systems. It
is a promising alternative to conventional heuristics. A
GA uses chromasomes, in string form, to represent a so-
lution. Each chromosome consists of a set of elements
called “genes’ that hold a set of values for optimiza-
tion variables. In a S-dimensional problem, for exam-
ple, each chromasomei isrepresented by Svariables, i.e.,
G = (Gi1,Gi2, - -,Cis)-

Before the GA is executed, chromosomes are initially
randomly produced and represent the population. Differ-
ent fitness functions must be used for different selection
problems, and each fitness of a chromosome must be cal-
culated by this fitness function.

To simulate natural survival-of-the-fittest, the optimal
(“best”) chromosomes exchange information to produce
offspring chromosomes through crossover and mutation.
If the offspring chromosomeis superior to the worst chro-
mosome of the population, then it replacesthe worst chro-
mosome, and the process continues until a global solution
or afixed number of iterationsis reached.

GA have been applied to a variety of problems, such
as scheduling [19], machine learning [20], multiple ob-
jective problems [21], feature selection [22], data min-
ing [23], and traveling salesman problem [24], as detailed
in John Holland [25].

2.3. K-Nearest Neighbor

The K-nearest neighbor (KNN), introduced by Fix
and Hodges in 1951 [27], is a popular nonparametric
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