
398 IEEE TRANSACTIONS ON INFORMATION TECHNOLOGY IN BIOMEDICINE, VOL. 11, NO. 4, JULY 2007

Optimal Search-Based Gene Subset Selection for
Gene Array Cancer Classification

Jiexun Li, Hua Su, Hsinchun Chen, Fellow, IEEE, and Bernard W. Futscher

Abstract—High dimensionality has been a major problem for
gene array-based cancer classification. It is critical to identify
marker genes for cancer diagnoses. We developed a framework
of gene selection methods based on previous studies. This paper
focuses on optimal search-based subset selection methods because
they evaluate the group performance of genes and help to pinpoint
global optimal set of marker genes. Notably, this paper is the first to
introduce tabu search (TS) to gene selection from high-dimensional
gene array data. Our comparative study of gene selection methods
demonstrated the effectiveness of optimal search-based gene sub-
set selection to identify cancer marker genes. TS was shown to be
a promising tool for gene subset selection.

Index Terms—Genetics, medical diagnosis, optimization meth-
ods, pattern classification, search methods.

I. INTRODUCTION

THE classification of tumor types is critical to cancer di-
agnosis and drug discovery [1]. The advent of microarray

techniques has made it possible to measure thousands of genes
from a cell sample simultaneously. With the abundance of gene
array data, biomedical researchers have been exploring their
potential for cancer classification and seen promising results.

For gene array-based cancer classification, the outcomes are
tumor class and the input features are measurements of genes,
such as mRNA expression or DNA methylation levels. However,
the major problem of the cancer classification is the huge number
of genes compared to the limited number of samples [2]. Most
classification algorithms suffer from such a high-dimensional
input space. Furthermore, most of the genes in arrays are irrele-
vant to cancer distinction. These genes may also introduce noise
and decrease prediction accuracy. In addition, a biomedical con-
cern for researchers is to identify the key “marker genes,” which
discriminate tumor tissues for cancer diagnoses. Therefore, gene
selection is crucial to gene array-based cancer classification.

II. LITERATURE REVIEW

Identification of good marker genes for cancer diagnosis is a
feature selection problem. We survey different feature selection
techniques and their applications for gene array data.
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TABLE I
TAXONOMY OF FEATURE SELECTION

A. Feature Selection

Feature selection is aimed at identifying a minimal-sized sub-
set of features that are relevant to the target concept [3]. The
objective of feature selection is threefold: improving the pre-
diction accuracy, providing faster and more cost-effective pre-
diction, and providing a better understanding of the underlying
process that generated the data [4]. A feature selection method
generates different candidates from the feature space and as-
sesses them based on some evaluation criterion to find the best
feature subset [3].

According to the evaluation criterion and the generation pro-
cedure of candidates, we can categorize various feature selec-
tion methods into a taxonomy as shown in Table I. Table I also
presents several example methods in each category. The follow-
ing sections introduce these methods in detail.
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1) Evaluation Criterion: An evaluation criterion is used to
measure the discriminating ability of candidate features. Based
on the evaluation criterion, feature selection can be divided into
filters and wrappers [11]. Filters select good features based on
data intrinsic measures, such as distance, consistency, and cor-
relation [3], [8], [9]. They show the relevance of a feature to
the target class. These criteria are independent of any inductive
learning algorithm. In contrast, wrappers utilize a learning algo-
rithm “wrapped” in the feature selection process to score feature
subsets according to the prediction accuracy [11]. Wrappers of-
ten select features with higher accuracy, but are often criticized
for high computational cost and low generality.

2) Generation Procedure: Based on the generation proce-
dure, i.e., whether features are evaluated individually or collec-
tively, feature selection can be divided into individual feature
ranking (IFR) and feature subset selection (FSS) [4], [19]. IFR
measures each feature’s relevance to the class and selects the
top-ranked ones. Most filters belong to IFR. IFR is commonly
used due to its simplicity, scalability, and good empirical suc-
cess [4]. However, IFR is criticized for several shortcomings.
First, some highly relevant features may be correlated thus in-
troducing redundancy. Second, features that are complementary
to each other in class distinction may not exhibit high individual
relevance. Third, the number of features retained is difficult to
determine. In contrast, feature subset selection attempts to find
a set of features with good group performance. Ideally, feature
selection should exhaustively traverse all candidate subsets to
find the optimal one. However, exhaustive search is known to
be NP-hard and it becomes quickly computationally intractable.
Differently, other search methods generate candidate solutions
based on certain heuristics. Deterministic heuristic search meth-
ods, such as SFS, SBS, SFFS, and SFBS [14], rely on a greedy
strategy to traverse the feature space. They select or eliminate
features in a stepwise manner based on local changes and, there-
fore, may be trapped in local optima. In order to find global
optima, nondeterministic heuristic search methods, such as sim-
ulated annealing (SA) [15], Las Vegas Filter (LVF) [16], genetic
algorithm (GA) [17], and tabu search (TS) [18], attempt to find
optimal solutions by searching in a random fashion. These meth-
ods are also called optimal search because of their ability to find
global optimal or suboptimal solutions. In recent years, they
have been introduced to feature selection and have shown good
performance.

B. Gene Selection for Cancer Diagnosis

Various feature selection approaches have been applied to
gene selection for cancer classification, as shown in Table II.

Due to its simplicity and scalability, individual gene ranking
is the most commonly used in gene selection. A well-known
example is the GS method proposed by Golub et al. [20]. They
defined a “signal-to-noise” ratio ([µ+(g) − µ−(g)]/[σ+(g) +
σ−(g)]) to measure the relative separation for binary classi-
fication by the expression values of a gene. Similar distance
measures such as the Fisher criterion, t-statistic, and median
vote relevance (MVR) have also been applied to identification
of marker genes [2], [23], [27], [31]. These measures are of-

TABLE II
SUMMARY OF PREVIOUS GENE SELECTION STUDIES

ten used for binary classification, i.e., distinguishing normal
and cancerous tissues. In order to differentiate cancer subtypes,
other measures, e.g., F -statistic and between sums of squares
(BSS)/within sums of squares (WSS) were introduced [21].

Although these IFR methods have been shown to eliminate
irrelevant genes effectively, they do not exploit the interaction
effects among genes. Gene subset selection takes into account
interaction and group performance of a gene subset. Bø and
Jonassen proposed a gene pair ranking method, which evalu-
ates how well a gene pair can separate two classes [26]. This
method is only limited to gene pairs and binary classification.
Ding and Peng employed an approach of minimum redundancy–
maximum relevance (MRMR) to find the optimal subset of mul-
tiple genes [28]. Mutual information and F -statistics are used for
discrete and continuous variables, respectively. A greedy search
(SFS) is used to find the optimal set. This greedy strategy is
simple, but may result in a local optimal solution.

Unlike filters, wrappers use estimated accuracy of a specific
classifier to evaluate candidate subsets. Guyon et al. proposed
a support vector machine (SVM)-based recursive feature
elimination (RFE) approach to select genes [22]. Starting from
the full gene set, this approach progressively computes the
change in classification error rate for the removal of each gene.
The one with the minimum error rate change will be removed.
This process tries to retain the gene subset with the highest
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discriminating power, which may not necessarily be those with
highest individual relevance. Similar approaches can be also
found in other studies [2], [25], [32]. Some wrappers utilized
optimal search instead of greedy search. Li et al. proposed a
GA/k-nearest neighbor (kNN) method to identify genes that
can jointly discriminate normal and tumor samples [24]. It
ranked genes by their frequency of selection through the
iterations of GA and the top ones were selected. However,
since it “broke up” subsets, it essentially became an individual
ranking approach and unreliable for multiclass classification.
Unlike Li et al. [24], Ooi and Tan chose the gene subset with
the best fitness among all generations of GA as the optimal
subset [29]. This method is shown to achieve high accuracy
for multiclass classification. Saeys et al. used an estimation
of distribution algorithm (EDA), a general framework of GA,
to select marker genes and reported good performance [30].
However, optimal search methods such as TS have not yet been
examined for gene selection from array data.

III. OPTIMAL SEARCH-BASED GENE SUBSET SELECTION

This study focuses on examining the performance of feature
subset selection for gene array data. We are particularly inter-
ested in optimal search for gene subset selection. The overall
methodology is as follows: use an optimal search method to
generate candidate gene subsets, assess these subsets based on
an evaluation criterion, then the gene subset with the highest
goodness score is regarded as the optimal.

A. Gene Subset Representation

Given a full set of N genes, each subset is represented as a
string of length N as [g1g2 . . . gN ], where each element takes a
Boolean value (0 or 1) to indicate whether a gene is selected or
not. Specifically, 1 represents a selected gene while 0 represents
a discarded one.

B. Optimal Search for Gene Subset Selection

Due to their good performance reported in literature, we
choose two optimal search methods, GA and TS, to generate
candidate gene subsets.

1) GA: A GA is an optimal search method that behaves like
evolution processes in nature [17]. GA has been used success-
fully in many applications such as Internet search engines and
intelligent information retrieval [33]. GA has also been intro-
duced to feature selection [34].

In a GA, each solution to a problem is represented in as a chro-
mosome, which, in our case, is the string representing a gene
subset. A pool of strings forms a population. A fitness function
is defined to measure the goodness of a solution. A GA seeks for
the optimal solution by iteratively executing genetic operators
to realize evolution. Based on the principle of “survival of the
fittest,” strings with higher fitness are more likely to be selected
and assigned a number of copies into the mating pool. Next,
crossovers randomly choose pairs of strings from the pool with
probability Pc and produce two offspring strings by exchanging
genetic information between the two parents. Mutations are per-

formed on each string by changing each element at probability
Pm. Each string in the new population is evaluated based on
the fitness function. By repeating this process for a number of
generations, the string with the best fitness of all generations is
regarded as the optimum.

The main scheme of the GA for feature subset selection is
described as follows.

Definitions
S The feature space.
k The current number of iterations.
x A solution of feature subset.
x∗ The best solution so far.
f A fitness/objective function.
f(x) The fitness/objective value of solution x.
Vk The current population of solutions.
Pc The probability of crossover.
Pm The probability of mutation.
GA for feature subset selection
1) Generate an initial population V0 of feature subset from S

(population size = pop_size). Set k = 0.
2) Evaluate each feature subset in Vk with respect to the

fitness function.
3) Choose a best solution x in Vk. IF f(x) > f(x∗) THEN

set x∗ = x.
4) Based on the fitness value, choose solutions in Vk to gen-

erate a new population Vk+1. Set k = k + 1.
5) Apply crossover operators on Vk with probability Pc.
6) Apply mutation operators on Vk with probability Pm.
7) IF a stopping condition is met THEN stop ELSE go to

Step 2.
2) TS: TS algorithm is a metaheuristic method that guides

the search for the optimal solution making use of flexible mem-
ory, which exploits the search history [18]. Numerous studies
have shown that TS can compete and often surpass the best-
known techniques such as GA [18]. Zhang and Sun used TS for
feature selection and showed that the TS had a high possibility
of obtaining the optimal solution [35]. However, no study has
examined TS for feature selection from high-dimensional data.

TS is based on the assumption that solutions with higher
objective value have a higher probability of either leading to a
near-optimal solution, or to a good solution in a fewer number of
steps. In each iteration, a TS moves to the best admissible neigh-
boring solution, either with the greatest improvement or the least
deterioration. A tabu list records the reverse of the most recent T
moves to avoid cycling. A move in the tabu list is forbidden until
it exits the tabu list in a first-in, first-out (FIFO) procedure or it
satisfies an aspiration criterion. An aspiration criterion is used to
free a tabu move if it is of sufficient quality in terms of objective.

Starting with an initial solution, a TS randomly picks and
evaluates a certain number of neighboring solutions, which can
be reached by a single move from the current solution. In partic-
ular, for a gene subset, its neighboring solutions are generated
by adding or deleting a gene. If the best move is not in the tabu
list, or if it is tabu but satisfies the aspiration criterion, then it
is picked and made the new solution. The aspiration criterion
chosen here is that a move in the tabu list can be taken if it results
in a solution of the highest objective value so far. In addition,
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the tabu list is updated by “remembering” this move and “for-
getting” the oldest one if the “memory” is full. If a gene is added
(or deleted) at iteration i, then deleting (or adding) this gene is
incorporated in the tabu list and forbidden in the subsequent T
iterations. Not only can a tabu list prevent search from returning
to a visited solution, but also help guide the search to achieve
the optimal solution more quickly. By repeating this process for
a number of iterations, the best solution of all is regarded as the
optimum.

The main scheme of TS for feature subset selection is de-
scribed as follows.

Definitions
S The feature space.
k The current number of iterations.
x A solution of feature subset.
xk The current solution.
x∗ The best solution so far.
f Objective function.
f(x) The objective value of solution. x.
N(xk) All the neighboring solutions of xk.
V (xk) A random generated subset of N(xk).
m(x, x′) The move from x to x′, i.e., adding or deleting a

feature.
TL A tabu list.
T The total length of the tabu list.
t The current number of tabu moves in the tabu list.
TS for feature subset selection
1) Choose an initial feature subset x0 in S. Set x∗ = xk, k =

0, and t = 0.
2) Set k = k + 1 and randomly generate a subset V (xk) from

N(xk).
3) Evaluate each feature subset with respect to the objective

function f .
4) Choose a best x in V (xk).
5) IF m(xk, x) ∈ TL THEN

IF f(x) > f(x∗) THEN remove m(xk, x) from TL.
ELSE remove x from V (xk) and go to Step 4.

6) Set k = k + 1 and xk = x.
IF t < T THEN set t = t + 1

7) ELSE remove the first item m from TL.
8) Add m(xk, xk−1) to TL.
9) IF f(xk) > f(x∗) THEN x∗ = xk.

10) IF a stopping condition is met THEN stop ELSE go to 2.

C. Evaluation Criteria for Gene Subset Selection

In order to assess the candidate gene subsets, different evalu-
ation criteria can be used so as to serve the particular decision-
making tasks. Because the major objective of gene selection is
to improve the accuracy of cancer classification in this study,
we mainly focus on evaluation criteria that assess classification
performance. Specifically, both filter and wrapper models are
adopted and examined for gene subset selection.

1) Filter: MRMR: A good gene subset contains genes highly
relevant with the class, yet uncorrelated with each other. We
follow the MRMR approach to remove both irrelevant and re-
dundant genes [28].

The first objective is maximum relevance. We choose an
F -statistic between a gene and the class label as relevance score.
The F -statistic value of gene x in K classes denoted by h is
defined as follows:

F (x, h) =

[∑
k

nk(x̄k − x̄)2/(K − 1)

]
/s2

where x̄ is the mean of x in all samples, x̄k is the mean
of x in the kth class, K is the number of classes, and s2 =
[
∑

k (nk − 1)s2
k]/(n − k) is the pooled variance (where nk and

sk are the size and the variance of the kth class). Hence, for a
feature subset Θ, the objective of maximum relevance can be
written as

max V =
1
|Θ|

∑
x∈Θ

F (x, h).

The second objective is minimum redundancy. In this study, we
assume linear correlation between genes that provide redundant
information. Hence, the Pearson correlation coefficient between
two genes is adopted as the score of redundancy. Other measures
such as mutual information can be used to capture nonlinear
correlation [28]. Thus, the correlation between gene x and gene
y is defined as follows:

r(x, y) =
∑

i (xi − x̄)(yi − ȳ)√∑
i (xi − x̄)2

√∑
i (yi − ȳ)2

where x̄ and ȳ are the mean of x and the mean of y in all samples,
respectively.

Regarding both high-positive and high-negative correlation
as redundancy, we take the absolute value of correlation. For
a feature set Θ, the objective of minimum redundancy can be
written as

min W =
1

|Θ|2
∑

x,y∈Θ

|r(x, y)|.

These two objectives can be combined in different ways. Due
to its good performance [2], we used a quotient of the two
objectives as follows:

max V/W =
∑

x

F (x, h)/


 1
|Θ|

∑
x,y∈Θ

|r(x, y)|


 .

2) Wrapper: An SVM Classifier: The evaluation criterion
in most wrappers is the classification accuracy of a learning
algorithm. In this study, we chose the SVM classifier due to
its good performance and robustness to high-dimensional data
[36]. Initially, SVM is a data-driven method for solving binary
classification tasks. Recently, it has been modified for multiclass
classification problems.

A standard SVM separates the two classes with a hyperplane
in the feature space such that the distance of either class forms
the hyperplane, i.e., the margin, is maximal.

The prediction of an unseen instance z is either 1 (a positive
instance) or −1 (a negative instance), given by the decision
function

h = f(z) = sgn(w ∗ z + b).
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TABLE III
DESCRIPTIONS OF THE THREE GENE ARRAY TEST BEDS

The hyperplane is computed by maximizing a vector of La-
grange multipliers α in

L(α) =
n∑

i=1

αi −
1
2

∑
i,j

αiαjhihjK(xi,xj)

where α1, α2, . . . , αn ≥ 0, and
∑n

i=1 αihi = 0.
Function K is a kernel function and maps the features in the

input space into a feature space (possibly of a higher dimension)
in which a linear class separation is performed. A linear SVM
(LSVM) is chosen in this study. For LSVM, the mapping of K
is a linear mapping

K(xi,xj) = xi ∗ xj.

For each candidate subset, a 10-fold cross validation is per-
formed to assess the classification performance of the SVM. In
particular, all the samples are randomly divided into 10 folds.
One fold of samples is excluded from the training set, and a clas-
sifier is built on the remaining nine folds and used to classify
the left-out fold. By repeating this procedure for all 10 folds, we
can get the estimated classification accuracy for the subset.

D. Four Methods of Gene Subset Selection

By combining the two optimal search algorithms (GA and TS)
with the two evaluation criteria (MRMR and SVM), we have
four gene subset selection methods: GA/MRMR, TS/MRMR,
GA/SVM, and TS/SVM. The former two are filters and the latter
two are wrappers. They all consider the group performance of
multiple genes and use optimal search to find the best gene
subsets.

IV. IMPLEMENTATION AND RESULTS

A. Dataset Descriptions

This study compared these optimal search-based gene subset
selection methods on two datasets of gene arrays (see Table III).

The first dataset is DNA methylation arrays from the Arizona
Cancer Center. It is derived from the epigenomic analysis of
bone marrow specimens from healthy donors and individuals
with myelodysplastic syndrome (MDS). The MDSs are a het-
erogeneous and complex group of hematologic disorders and it

is estimated that 20% of patients with MDS will evolve to acute
myeloid leukemia (AML). Some genetic and epigenetic aberra-
tions have been identified for MDS. Recent work by Silverman’s
group has shown that a DNA methyltransferase inhibitor induces
hematologic improvement in 60% of patients and delays conver-
sion to AML, strongly suggesting that aberrant methylation is
an important yet reversible pathoepigenetic lesion in MDS thus
providing promising therapeutic options. This dataset contained
678 genes and 55 samples. Based on this dataset, we created two
test beds to perform a binary and a multiclass classification, re-
spectively. METH-2 is used to discriminate normal from tumor
tissues and METH-5 is used to discriminate five subtypes of
tumors.

The second dataset is experimental measurements of gene
expression with Affymetrix oligonucleotide arrays [37]. It con-
tains measurements of 2000 human genes in 62 colon tissue
samples (40 tumor and 22 normal tissues). The third test bed
(COLON) is used to discriminate normal from tumor tissues.

B. Metrics

To compare different methods, we used the accuracy of an
SVM classifier using 10-fold cross validation as the evaluation
metric. Cross validation provides a more realistic assessment
of classifiers that generalize well to unseen data. A sequential
minimal optimization (SMO) method for training an SVM clas-
sifier, implemented in the Waikato environment for knowledge
analysis (WEKA) [38], can construct a multiclass classifier and
was used in this study.

C. Experimental Results

In experiments, we choose F -statistic as a baseline individual
ranking method. For each test bed, we rank all the genes by their
F -statistic value and generate gene subsets by picking the top
m genes, where m = 10, 20, . . . , 100. The one that achieves
the highest accuracy for an SVM classifier is selected as the
best subset. For METH-2, the top 20 genes achieved the highest
accuracy of 94.364%; for METH-5, the top 40 genes achieved
the highest accuracy of 53.333%; and for COLON, the top 70
genes achieved the highest accuracy of 87.581%.

We applied the four methods of optimal search-based gene
subset selection on the three test beds. Then, 10-fold cross val-
idation with an SVM classifier was performed on these gene
subsets as well as the full gene set and those obtained from
F -statistic ranking. For each gene subset, we ran a 10-fold
cross validation with an SVM classifier 30 times by randomly
reconstructing the 10 folds. Fig. 1 summarizes the classification
accuracy and the number of features for each gene subset on the
three test beds.

For the three test beds, gene subsets obtained by differ-
ent methods all achieved higher classification accuracy than
a full gene set. TS/SVM performed the best (96.121% for
METH-2, 64.729% for METH-5, and 90.430% for COLON).
We conducted pairwise t tests to compare different methods
(see Table IV).

1) Gene Subsets Versus Full Set of Genes: For the three
test beds, gene subsets obtained by GA/MRMR, TS/MRMR,
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Fig. 1. Comparison of gene subsets obtained by different methods. #G: num-
ber of genes in the gene set; Mean: mean of classification accuracy; StDev:
standard deviation of classification accuracy.

TABLE IV
PAIRWISE t TESTS BETWEEN DIFFERENT METHODS

GA/SVM, and TS/SVM all achieved classification accuracy
significantly higher than the full gene set (p = 0.0000 for all
the four methods). These demonstrated the effectiveness of the
optimal search-based gene selection methods in identification
of marker genes for cancer diagnosis.

2) Gene Subset Selection Versus Individual Gene
Ranking: Compared with the baseline method, F -statistic-

based individual gene ranking, for METH-2, TS/MRMR,
GA/SVM, and TS/SVM identified gene subsets with signif-
icantly higher classification accuracy (p = 0.0006, 0.0011,
and 0.0000 for TS/MRMR, GA/SVM, and TS/SVM, respec-
tively) and GA/MRMR also achieved accuracy comparable
to the baseline method (p = 0.4299). For METH-5, TS/SVM
achieved significantly higher accuracy than the baseline method
(p = 0.0000) and GA/SVM did not outperform the baseline
method significantly (p = 0.1425). For COLON, GA/SVM
and TS/SVM achieved significantly higher accuracy than the
baseline method (p = 0.0000). These results demonstrated that
overall optimal search-based gene subset selection methods
tend to outperform individual feature ranking. However, for
MRMR, their performance is not as good as individual ranking.
F -statistic ranking significantly outperformed GA/MRMR and
TS/MRMR (p = 0.0000) for METH-5 and GA/MRMR for
COLON (p = 0.0002).

3) Wrappers Versus Filters: For all three test beds, GA/SVM
significantly outperformed GA/MRMR (p = 0.0000); TS/SVM
also achieved better or comparable performance to TS/MRMR
(p = 0.1778, 0.0000, and 0.0142 for METH-2, METH-5, and
COLON, respectively). These results are not surprising because
wrappers use classification accuracy as the evaluation criterion
whereas filters do not.

4) TS Versus GA: We conducted pairwise t tests of
TS/MRMR versus GA/MRMR and TS/SVM versus GA/SVM.
For METH-2, METH-5, and COLON, TS/MRMR significantly
outperformed GA/MRMR (p = 0.0000, 0.0007, and 0.0004,
respectively). For METH-2 and METH-5, TS/SVM signifi-
cantly outperformed GA/SVM (p = 0.0850 and 0.0000, respec-
tively). Only for COLON, TS/SVM did not significantly out-
perform GA/SVM (p = 0.3209). These results showed that TS
is promising for gene subset selection.

V. DISCUSSION

Our comparative study demonstrated that the optimal search-
based gene subset selection is effective in identifying a small
subset of marker genes. For example, TS/SVM identified 20 out
of 678 genes as marker genes for METH-2, 86 out of 678 for
METH-5, and 38 out of 2000 for COLON. These small gene
subsets could be used to distinguish tumors with significantly
higher accuracy than the full gene set. Furthermore, optimal
search-based wrappers often achieved significantly better or
comparable performance than individual gene ranking. Gene
selection is aimed at identifying the most important genes for
cancer diagnosis. In our implementation of GA and TS, given
the same fitness value, gene subsets of smaller size are preferred.
Therefore, the result is that gene subsets tend to be the mini-
mal subset of genes that can achieve the highest classification
performance.

It is interesting that the marker genes identified by op-
timal search-based selection methods contain several genes
that are not among the top genes when ranked individually.
Only 2 out of the 20 marker genes identified by TS/SVM for
METH-2 are among the top 20 genes ranked by F -statistic; 10
out of 86 genes identified by TS/SVM for METH-5 are among



404 IEEE TRANSACTIONS ON INFORMATION TECHNOLOGY IN BIOMEDICINE, VOL. 11, NO. 4, JULY 2007

the top 40 genes ranked by F -statistic; and 1 out of 38 genes
identified by TS/SVM for COLON are among the top 70 genes
ranked by F -statistic. Therefore, taking into account genes’
group performance, optimal search-based gene subset selection
can identify marker genes that work collaboratively for cancer
distinction. Yet, these genes may not be identified by individual
ranking.

A statistical comparison in Section IV demonstrated the ef-
fectiveness of selected genes for better classification perfor-
mance. In addition, we had two cancer biologists to evaluate
the biological relevance of the selected genes for cancer diagno-
sis. Based on the expert judgment, several cancer-related genes
were identified among the gene subsets. For instance, in our
experiment, HOXA1 is identified only by TS/SVM as a marker
gene for METH-2. Homeobox genes encode DNA-binding tran-
scriptional regulators that contain a highly conserved motif (the
“homeobox”). It has been proposed that deregulation of such
genes would result in their participation in human carcinogene-
sis. In the human genome, there are about 200 homeobox con-
taining genes, of which 39 are members of the HOX gene su-
perfamily. HOXA1 is a member of the A cluster of Hox genes
and has been indicated to act as a human mammary epithelial
oncogene with aggressive in vivo tumor formation [39]. It is
worth noting that some recent studies alert to the problem of
multiplicity of marker gene subsets [40], [41]. Hence, further
biological validation is needed to examine the optimality of the
selected genes.

Optimal search-based gene subset selection methods also suf-
fer from high dimensionality, which increases the difficulty for
GA and TS to find the optimal solution. They also require more
computational expense than the individual ranking because they
iteratively evaluate all the candidate gene subsets. The com-
plexity is even higher for wrappers, which iteratively call an
inductive learning algorithm as a subroutine. Guyon et al. sug-
gested trading accuracy for speed by initially removing chunks
of genes with lower relevance [4]. This process may lose some
good genes, but can reduce the feature space and make the
optimal search easier.

The two optimal search-based MRMR methods do not it-
eratively train a classifier and, therefore, have less computa-
tional cost. They often identify a smaller gene subset than in-
dividual ranking by removing redundant genes. However, these
methods often did not achieve higher accuracy than others. It
may be questionable to regard highly correlated genes as re-
dundant because they may provide gene interaction informa-
tion for cancer diagnosis. In addition, although MRMR as-
sesses the goodness of a gene subset, it essentially combines
independent evaluations of individual gene. Therefore, MRMR
may not capture strong gene interactions as gene pair ranking
does [26].

The experiments also showed the effectiveness of TS for gene
selection. TS achieved comparable and often better performance
than GA. Due to its use of flexible memory, TS is guided by
the tabu list, which forbids nonpromising moves, whereas GA
searches in a more random manner. However, since TS only
changes one feature a time, it is more time consuming to find
the optimal solution.

VI. CONCLUSION AND FUTURE DIRECTIONS

In order to identify marker genes from high-dimensional
gene array data for cancer classification, we introduced opti-
mal search-based gene subset selection. These methods use an
optimal search algorithm to generate candidate subsets and eval-
uate the goodness of each gene group. In this study, we used
MRMR as the evaluation criterion for a filter and SVM classi-
fier for a wrapper. GA and TS were used as the optimal search
algorithms. Our comparative study on experimental gene ar-
ray data demonstrated the effectiveness of optimal search-based
gene subset selection. In terms of classification accuracy, op-
timal search-based wrappers often outperformed the individual
ranking. Particularly, TS often achieved comparable or higher
performance than GA. Therefore, TS can be a promising alter-
native to GA for gene selection.

We are in the process of extending our work in the following
directions. 1) Optimal search-based feature selection outper-
forms individual ranking in terms of prediction performance,
but requires much higher computational expense. We attempt
to improve the efficiency of optimal search-based gene subset
selection. 2) In order to address the problem of multiplicity of
marker gene subsets [40], [41], we will conduct deeper analysis
of the biological relevance of the selected genes. 3) We will
study gene interactions in detail to see whether incorporation of
gene interaction information can improve cancer classification.
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