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Abstract

Microarray data contain the genetic
information, many diseases can be analyzed, and
the diagnosis and treatment of human diseases
will be very useful. The challenge to select
relevant genes from microarray data is because of
theirs high-dimensional features, multi-class
categories and sample size. For classification, the
main task is to decrease the microarray data
dimensionality first. In order to analyze
microarray data, our goal is to find the optimal
subset of features (genes) to represent the original
set of features. In this study, we use binary
particle swarm optimization (BPSO) and tabu
search (TS), hybridizing two kinds of algorithms
to solve the microarray data selection and
classification. The K-nearest neighbor method
with leave-one-out cross-validation serves as a
classifier. The proposed BPSO-TS approach is

compared to five microarray data from the
literature. Based on the experimental results, the
proposed method could not only effectively
reduce the number of genes and obtain lower
classification error rates.

Keywords: Microarray, binary particle swarm
optimization, tabu search, K-nearest neighbor,
leave-one-out cross-validation.
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22 AFIMCESAFIEREKE

Random Random
Method | Original Forest Forest SC.s NN.vs BPSO-TS
Dataset # Genes # Genes # Genes # Genes # Genes # Genes
(s.e.=0) | (se.=1)
Leukemia 3051 2 2 82 512 296
Breast 2 class 4869 14 14 31 88 971
Brain 5597 22 9 4177 1834 433
Lymphoma 4026 73 58 2796 15 198
Prostate 6033 18 2 4 7 706

Legends: (1) Original # Genes: original number of genes for dataset. (2) Random Forest # Genes:
number of genes selected for Random Forest with s.e. = 0. (3) Random Forest # Genes: number of
genes selected for Random Forest with s.e. = 1. (4) SC.s # Genes: number of genes selected for
shrunken centroids with minimization of error and minimization of features if ties. (5) NN.vs # Genes:
number of genes selected for nearest neighbor with variable selection. (6) BPSO-TS # Genes: number

of genes selected for BPSO-TS.
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Random Random
Method Forest Forest SC.s NN.vs BPSO-TS

Dataset # Error # Error # Error # Error # Error

(s.e.=0) (se.=1)
Leukemia 0.087 0.075 0.062 0.056 0.0
Breast 2 class 0.337 0.332 0.326 0.337 0.239
Brain 0.216 0.216 0.159 0.194 0.086
Lymphoma 0.047 0.042 0.033 0.04 0.0
Prostate 0.061 0.064 0.089 0.081 0.067
Average 0.15 0.146 0.134 0.142 0.078

Legends: (1) Random Forest # Error: classification error rate of Random Forest with s.e. = 0. (2)
Random Forest # Error: classification error rate of Random Forest with s.e. = 1. (3) SC.s # Error:
classification error rate of shrunken centroids with minimization of error and minimization of features
if ties. (4) NN.vs # Error: classification error rate of nearest neighbor with variable selection. (5)
TS-CGA # Error: classification error rate of BPSO-TS.
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