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Abstract
Development of a robust and efficient approach for extracting useful information from microarray data continues to be a significant and
challenging task. Microarray data are characterized by a high dimension, high signal-to-noise ratio, and high correlations between genes, but
with a relatively small sample size. Current methods for dimensional reduction can further be improved for the scenario of the presence of a
single (or a few) high influential gene(s) in which its effect in the feature subset would prohibit inclusion of other important genes. We have
formalized a robust gene selection approach based on a hybrid between genetic algorithm and support vector machine. The major goal of this
hybridization was to exploit fully their respective merits (e.g., robustness to the size of solution space and capability of handling a very large
dimension of feature genes) for identification of key feature genes (or molecular signatures) for a complex biological phenotype. We have
applied the approach to the microarray data of diffuse large B cell lymphoma to demonstrate its behaviors and properties for mining the highdimension data of genome-wide gene expression profiles. The resulting classifier(s) (the optimal gene subset(s)) has achieved the highest
accuracy (99%) for prediction of independent microarray samples in comparisons with marginal filters and a hybrid between genetic
algorithm and K nearest neighbors.
D 2004 Elsevier Inc. All rights reserved.
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Introduction
Microarray technology allows simultaneous measurements of expression levels of thousands of genes and has
provided opportunities for genetic dissection of complex
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diseases [1,2]. Systematic analysis of gene expression
profiles using data mining integrated with bioinformatics
knowledge support can provide an attractive way to identify
key genes for predicting the affection state of a patient and
to allow the investigation of the underlying genetic pathogenesis of a complex disease at the molecular level.
The characteristics of high-throughput gene expression
profile data are the high dimension (usually thousands),
noise, and relatively small sample size (usually tens).
Therefore, data reduction techniques with flavors of
machine learning have been a focus of the methodological
development in recent years. Their utilizations are not
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simply to reduce the dimension of feature genes and to
avoid the curse of dimension. More importantly, their
applications can improve the performance of the resulting
classifiers and exclude the interference of a large number of
irrelevant genes by hunting for the feature genes relevant to
a complex biological phenomenon like a disease.
Methods for data reduction, or specifically for feature
gene selection in the context of microarray data analysis,
can be classified into three major groups: marginal filters,
wrappers, and embedded approaches [3,4]. Filtering
approaches such as t test and nonparametric scoring [5,6]
select a feature based on its marginal contribution without
accounting for its interactions with other features. The
selection process is separated from the classification process
because a classifier is not built. Another group of methods
for feature gene selection are wrappers and a hybrid of
filtering and wrapping [3,7]. In a wrapping approach, the
algorithm for feature gene subset selection exists as a
wrapper around an induction algorithm. It conducts a search
for a good subset using the induction algorithm itself as part
of the function evaluating feature subsets. The induction
algorithm is run on microarray data, usually partitioned into
internal learning and external test sets. The feature subset
with the highest evaluation is chosen as the final set on
which to build a classifier. Because the feature subset
selection by a wrapper is able to couple tightly with the
decision mechanism of a classifier, maximal classification
accuracy on a separate test set can be attained. It can be
argued that the intrinsic capacity of several supervised
classifiers to discard (and not include in the final model) a
subset of the features (e.g., decision trees, IF-THEN
decision rules) could be a third method to perform feature
subset selection, known as bembeddedQ [8]. Nevertheless,
wrappers and embedded algorithms are often not clearly
distinguished, although feature searching strategies are only
slightly different.
A procedure for feature gene selection can be divided
into two distinct steps: the search step and the evaluation
step. Although an exhaustive search over the entire feature
gene space and branch-and-bound algorithm [3,9] can lead
to an optimal solution, the two approaches have rarely been
used in analysis of high-dimension microarray data because
of computational costs. Thus, heuristic search methods such
as greedy climbing hill [10], the best first method, and
genetic algorithm (GA) [11–13] have received increased
attention for dimension reduction. The first two methods
search for an optimum by changing the local search space,
though the best first method allows backtracking along the
search path. Thus, they fail to capture many important
feature subsets. In either approach, once a feature is taken in
(or removed out), it will never be considered again. Genetic
algorithm is an adaptive search engine that emulates the
natural selection process in genetics [14]. It employs a
population of competing solutions-evolved over time by
crossover and mutation and selection-to converge to an
optimal solution. The solution space is efficiently searched
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in parallel and a set of solutions instead of a single solution
is computed to avoid becoming trapped in a local optimum
that can occur with other search techniques. In addition, its
robustness to size of search space and the underlying
multivariate distribution assumptions has made it a promising method for feature gene selection over a high-dimension
space. Nevertheless, genetic algorithm itself is merely a
searching algorithm. To apply this algorithm to microarray
data analysis, several issues need to be resolved. First, a
suitable fitness function has to be defined to map the
biological reality [15]. Second, the number of genes
contained in the optimal feature gene subsets can be large
at early generations. The coupled classifier evaluating
fitness of a candidate gene subset must have the capacity
for handling data of a very high-dimension feature gene
space but of a limited sample space. There are many
potential choices for a classifier, but the majority can deal
with only a limited dimension of features. Support vector
machine (SVM) [16–19], which resulted from recent
advances in statistical learning theory and machine learning,
is an exception. Its unique advantages for treating this
particular data structure, for avoiding overfitting and
dimensional curse, and for nonlinear modeling have made
it a popular tool in pattern recognition.
In this study, we propose a hybrid between genetic
algorithm and support vector machine (termed GA-SVM)
that can fully utilize the unique merits of the two data
mining tools. Genetic algorithm is used as the search engine,
while support vector machine is used as the classifier (the
evaluator). We apply the proposed approach to the microarray data of diffuse large B cell lymphoma. This
application has demonstrated its high potential as a powerful
tool for mining high-dimension data such as genome-wide
gene expression profiles.

Method
First, we randomly generate the fixed-length binary
strings for N individuals to build up the initial population.
Each string represents a feature subset (coding of the feature
subset) and the values at each position in the string are
coded as either presence or absence of a particular feature.
Then, we calculate the fitness (i.e., how well a feature subset
survives over the specified evaluation criteria) for each
feature subset. We adopt classification accuracy as the
fitness index (eval) that is evaluated using a linear SVM.
Better feature subsets have a greater chance of being
selected to form a new subset through a crossover or
mutation. Mutation changes some of the values (thus adding
or deleting features) in a subset randomly. Crossover
combines different features from a pair of subsets into a
new subset. The algorithm is an iterative process in which
each successive generation is produced by applying genetic
operators to the members of the current generation. In this
manner, good subsets are bevolvedQ over time until the
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Fig. 1. GA-SVM algorithm. M, D, G, and eval denote gene expression profile matrix, population, gene subset, and evaluation index, respectively.

stopping criteria are met. Thus, coding feature subset,
population initialization, fitness computation, genetic operation, and control parameter assignment (population size,
the maximal number of generations, and the selection
probability) are the major elements of the GA-SVM method.
Fig. 1 shows the flow chart of the method, which is realized
on a Matlab platform. The corresponding Matlab source
codes are available for download, from the Web site http://
www.biocc.net/ga_svm. The detailed computational procedures are given in Fig. 1 and as follows.
(1) M 0 p Read gene expression profile matrix from
database; n 0 is the number of genes in M 0.
(2) D 0 p Generate N individuals (the initial population)
randomly. Each individual has an n-length vector of bits of
either 1 or 0. The frequencies of the two codes are set to be
equal to halve the number of feature genes successively for
each generation.
(3) For each individual j in D 0, determine:
G j p a gene subset corresponding to individual j. If bit i
equals 1, include g j in the subset.
M j p gene expression profile submatrix.
evalj p eval(M j ) and selection probability,
N

 X
pj ¼ eval j =
eval j :
j¼1

Drl

(4)
p Retain N/2 individuals with the highest
evaluations.
(5) Dsl p Select individuals randomly based on their
selection probabilities, apply a single crossover or multiple
single-point mutations to produce new N/2 individuals. In
detail, we select at random two individuals from the
population D 0 and then perform a single crossover four
times to generate eight individuals. Based on their evalua-

tions, we select two individuals with the highest fitness to be
the members in Dsl . Mutation is performed separately as
follows. An individual in D 0 is randomly selected to be the
subject for mutagenesis, with a point mutation rate of 0.2 at
each locus. For each batch of four mutated individuals, one
individual with the best fitness is selected to be a member in
Dsl .
(6) D l p Drl [ Dsl .
(7) D 0 p D l .
(8) End p Output the optimal individual(s) based on the
evaluation with evalj = eval(M j ). For each M j , we classify
the microarray samples with genes contained in individual j
using a SVM. The classifier [16] is
(
)
L
X
ai y i K ð x i d x Þ  b ;
ŷy ¼ f ð xÞ ¼ sgn
i¼1

where x is a test sample vector and x i is the learning sample
vector. L is the number of learning samples. y i is a class
indicator (for a two-class application, +1 for the first class;
1 for the second class), a i is a nonnegative Lagrange
multiplier associated with x i and a i p 0 for support vectors.
sgn{ } is the sign function and K(x i d x) is the kernel
function (for linear kernel, K(x i d x) = x i d x, i.e., their inner
product). Then, the accuracy of classification,
!
T
X
acc ¼
I ðyt ;ŷy t Þ =T ;
t¼1

where T is the number of test samples and

1 if yt ¼ ŷy t
:
I ðyt ;ŷy t Þ ¼
0 otherwise
In this study, a fivefold cross-validation (CV) resampling
approach is used to construct the learning and test sets. First,
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the two-class samples are randomly divided into five
nonoverlapping subsets of roughly equal size, respectively.
A random combination of the subsets for the two classes
constitutes a test set and the total remaining subsets are used
as the learning set. The fivefold CV resampling produces 25
pairs of learning and test sets. Individual j is evaluated by
the averaged value over the 25 pairs, i.e.,
!
25
X
eval j ¼
acck =25;
k¼1

where k is the replicate number and acck is the classification
accuracy for the kth replicate.
In the GA-SVM algorithm, the optimization of the feature
gene subset(s) is realized via survival competitions. For each
generation, we retain 50% of the high-valued individuals that
will enter the next generation directly without mutations and
crossovers to keep these optimal solutions unchanged. To
avoid the loss of the putative important feature genes, we
initially include about half of the genes in each individual so
that the number of genes contained in the optimal feature
gene subsets can be very large at the early generations. Then,
we adopt a stepwise data reduction procedure to shrink (or to
increase) the dimension of the feature subsets to achieve the
minimal size and the highest classification accuracy. Stepwise data reduction is realized by halving the number of
feature genes initially at each generation (i.e., coding half of
bits with null) and the evolution forces (crossover and
mutation). The gene expression matrices from the optimal
individuals serve as the data on which a new round of
iteration is performed. The data reduction process stops when
the drop (or difference) in classification accuracy reaches
0.001.

Numerical application
Alizaden et al. [20] analyzed the gene expressions of
malignant lymphoma, specifically the diffuse large B cell
lymphoma (DLBCL), follicular lymphoma, and chronic
lymphocytic leukemia, using chips with 18,000 gene transcripts. In the present study, we use the gene expression
profile dataset consisting of two subtypes of DLBCL, 21

activated B-like DLBCL (AB-like DLBCL) and 21 germinal
center B-like DLBCL (GCB-like DLBCL) samples, and
4026 genes marginally filtered by the authors (available at
http://llmpp.nih.gov/lymphoma/data.shtml). Among the
4026 genes, 6% have missing values and are imputed by
the KNN Impute algorithm [21] prior to the GA-SVM
analysis. The KNN Impute algorithm uses the expression
profiles of K nearest neighbors (here K = 5) to impute the
missing values for the target gene. Therefore, M 0 is a matrix
with 42 rows and 4026 columns. The number of individuals
(N) of 40 and the maximal generations of 50 are empirically
determined, respectively, to allow the solution space to be
sufficiently searched and convergence to the best minimal
subset attainable with the evolution time. An optimal feature
gene subset(s) is sought for classification of the two subtypes
of DLBCL.
The relationship between classification accuracy and the
number of support vectors
We start with all 4026 genes and then step down to
reduce the dimension of the feature genes successively for
14 iterations. The number of feature genes in the best
individual at the successive generations varied as follows:
4026, 1995, 984, 504, 256, 132, 70, 41, 25, 18, 13, 7, 7, and
7 until the number of genes included was no longer
changed. It should be noted that the number of feature
genes for each individual at each generation is not
necessarily the same because of the variation contributed
by evolution forces (thus adding or deleting features). Fig. 2
shows the changes in the maximum accuracy (left plot) or
number of support vectors (right plot) over the iterations.
These values are averaged over 25 replicates generated by
the fivefold cross-validation described previously.
As shown in Fig. 2, the classification accuracy increases
with the successive reduction in the number of genes contained in the prediction set until reaching the plateau, starting
from the valley of 0.9399 (no selection, all the genes included). In contrast, the number of support vectors decreases
dramatically with the iterations. It is well known that the optimal hyperplane is supported by support vectors and the final
classifier(s) contains only the inner product of test sample
vectors and support vectors. The support vectors contain all
30
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Fig. 2. Changes in the maximum accuracy of the SVM classifier (left) and changes in support vectors (right) over iterations.
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the useful information for classification. In other words,
classification relies only on the support vectors, which play a
pivotal role in sample classification. If a set of learning data
can be divided by an optimal hyperplane, the expected upper
bound of the error rate for the test data is simply the averaged
proportion of support vectors over the sample size for
learning data [22,23]. Thus, an optimal hyperplane with the
smallest number of support vectors has a wider adaptability.
Comparison of GA-SVM with alternative feature selection
methods for biological classification
We fix the number of feature genes in the prediction subset
as 7. Hence, the subsets constructed by marginally filtering
include (1) seven randomly selected genes (as a control), (2)
the first seven genes ranked by a t test, and (3) seven genes
ranked by nonparametric scoring (nonparat). For comparison, we also perform an alternative hybrid between genetic
algorithm and K nearest neighbors (GA-KNN, K = 5).
Surprisingly, GA-KNN has produced an optimal subset of
seven genes, also, after 13 generations of evolutions. We
estimate the accuracy of the five gene subsets (plus the GASVM selected subset: CYSLTR1, MME, D13S2489E,
PIK3CG, SHMT2, Hs.348293, Hs.291994) using five
classifiers: SVM, Fisher linear discriminant (Fisher) [24],
logistic regression (Logist), minimal distance (MinDis), and
KNN (K = 3) [25–27]. The results as shown in Fig. 3 indicate
that the subset identified by GA-SVM has significantly
higher performance than marginal filters. Interestingly, both
GA-SVM and GA-KNN achieve the highest classification
accuracy (99 and 95%, respectively) when the same approach
is used for both feature selection and prediction.
Validation via biological evidence
For an optimal feature gene subset, not only is GASVM capable of distinguishing disease classes, but also the

feature gene subset may correspond to a specific genetic
path that can distinguish the target phenotypes (in this
study, the two subtypes of DLBCL). To look for knowledge support, we carry out Gene Ontology (GO) database
mining [28] (also see http://www.geneontology.org) using
the well-documented gene CCR7 [29] as a reference to
investigate the relationship between the feature genes
selected by us and CCR7. GO annotates a gene with
three components: molecular function, biological process,
and cellular constitution. CCR7 is a target gene of NF-nB,
which is expressed at high levels in AB-like DLBCL and
low levels in GCB-like DLBCL [29]. The role of CCR7 as
a biomarker to separate the two subtypes of DLBCL is
well established. CCR7 is located on chromosome 17q12q21.2 and its protein product is a member of the Gprotein-coupled receptor family. This receptor is expressed
in many types of lymphoid tissues and activates B and T
lymphocytes (http://genome_www5.stanford.edu/cgi_bin/
source/SourceSearch).
We annotate the identified feature genes CYSLTR1,
MME, D13S2489E, PIK3CG, SHMT2, Hs.348293, and
Hs.291994 and the previously documented gene CCR7 to
nodes of GO. Six genes have functional annotations (except
for Hs.348293 and Hs.291994). Table 1 shows the results
from the database mining. Feature genes CYSLTR1,
PIK3CG, and CCR7 are involved in an identical biological
process (GO:0007186, G-protein-coupled receptor protein
signaling pathway). CYSKTR1 and CCR7 also play a role
in cytosolic calcium ion concentration elevation
(GO:0007204). Both D13S2489E and CCR7 are relevant
to the antimicrobial humoral response (GO:0006960).
CYSLTR1, MME, D13S2489E, and CCR7 are located in
the same subcellular location (integral to plasma membrane,
see GO:0005887). Thus, these genes may be involved in a
common molecular pathway or have a function similar to
that of CCR7 [30]. Surprisingly, Hs.291994, which is
currently not annotated in GO, is located on the same
chromosome as SHMT2 and D13S2489E. We suspect that
they may share some functional relationship. These results
support the hypothesis that DLBCL is a result of a
disruption of NF-nB activity or the G-proteincoupled
receptor signal transduction pathways. There is differential
expression of the genes involved in the two pathways
between AB-like DLBCL and GCB-like DLBCL. In
addition, all the feature genes identified in this investigation
were from the germinal center B cell. So it is not surprising
that Alizadeh et al. [20] could discover two subtypes of
DLBCL using the germinal center B cell signatures.

Discussion

Fig. 3. Performance of biological classification for five feature selection
methods (GA-SVM, GA-KNN, t test, nonparat, random).

Microarray data analysis warrants special strategies
because gene expression datasets have several important
characteristics, including relatively few samples with a large
dimension of feature gene space and a high signal-tonoise
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Table 1
Functions of GA-SVM feature genes and CCR7
Gene name
(UniGene ID)

Biological process

Cellular component

Molecular function

CYSLTR1
(Hs.124401)

GO:0007204 Cytosolic
calcium ion concentration
elevation
GO:0007186 G-protein-coupled
receptor protein signaling
pathway

GO:0005887 Integral
to plasma membrane
GO:0005624 Membrane
fraction

GO:0004974 Leukotriene
receptor activity

MME
(Hs.1298)

GO:0006508 Proteolysis
and peptidolysis
GO:0007048 Oncogenesis
GO:0007267 Cell–cell signal

GO:0005887 Integral
to plasma membrane

Hydrolase activity

D13S2489E
(Hs.74085)

GO:0006960 Antimicrobial
humoral response
(sensu Invertebrata)
GO:7165 Signal transduction

GO:0005887 Integral
to plasma membrane
GO:0016021 Integral
to membrane

GO:0004872
Receptor activity

PIK3CG
(Hs.32942)

GO:0007186 G-protein-coupled
receptor protein signaling
pathway

1-Phosphatidylinositol
3-kinase complex

Phosphatidylinositol
3-kinase activity
GO:0016740 Transferase
activity

SHMT2
(Hs.75069)

One-carbon compound metabolism
GO:0006544 Glycine metabolism
GO:0006563 ScSerine metabolism

GO:0005739
Mitochondrion

GO:0016740 Transferase
activity
GO:0004372 Glycine
hydroxymethyltransferase
activity

CCR7
(Hs.1652)

GO:0007186 G-protein-coupled
receptor protein
signaling pathway
GO:0006960 Antimicrobial
humoral response
(sensu Invertebrata)
GO:0007204 Cytosolic calcium
ion concentration elevation
GO:0006954 Inflammatory
response
GO:0006935 Chemotaxis

GO:0005887 Integral
to plasma membrane

GO:0016493 C–C chemokine
receptor activity
GO:0019735 Antimicrobial
humoral response
(sensu Vertebrata)
GO:0001584 Rhodopsin-like
receptor activity

ratio. Therefore, attempts to analyze the entire microarray
data without dimensional reduction may not be appropriate.
Microarrays provide massive parallel information and
analysis of the data is a nondeterministic polynomial hard
problem [31]. A promising direction of research for analysis
of microarray data is to perform a gene selection procedure
for shrinking the feature gene space and achieving a high
generalization performance for biological classification and
subtype discovery. Current methods for the feature gene
selection can be divided into three groups: marginal
filtering, sequential selection, and strictly multivariate
modeling. Marginal filtering [5,7] has computational advantages of speed and simplicity, but it cannot utilize the
information hidden in gene interactions. Theoretically,
distribution-based multivariate modeling is the most powerful and can take into account the multivariate correlation
structures of the high-dimension gene expression profiles

GO:0008237
Metallopeptidase activity
Zinc ion binding

simultaneously. Nevertheless, its computational complexities confine its application to a very limited dimension.
Sequential selection approaches lie in between the above
two methods and enjoy extensive application for feature
selection, particularly in machine learning and pattern
recognition. Recently, hidden Markov models have been
increasingly applied to analysis of temporal gene expression
data such as for yeast cell cycling [32,33] and can be
considered as the fourth group of methods for feature gene
selection (and feature gene networking) because additional
time serial correlations within and between feature genes
have to be taken into account properly.
Many important biological processes (e.g., cellular
differentiation during development, aging, disease etiology)
are most likely controlled by underlying complex gene-gene
interactions and heterogeneous molecular pathways. However, in our own experiences and that of others [34,35], a
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very good distinction between classes can be achieved by a
single influential gene so that the classification error rate is
difficult to reduce further by including other important
genes. This is the well-known blocal optimumQ problem that
occurs in most search techniques that are sequential in
nature. This is one of the reasons the more robust method
that couples genetic algorithm and support vector machine
is proposed here. Although several authors have explored
this analysis strategy and derivatives for biological applications [15,26,36], we are the first to formalize explicitly its
biological applications systematically, including a robust
fitness evaluation criterion and a stepwise feature subset
dimensional reduction technique to achieve the minimal size
and the highest classification accuracy simultaneously. We
have verified that five genes in the optimal subset of seven
genes are significantly differentially expressed between two
subtypes of DLBCL. On the other hand, this study suggests
that marginal differential expression is not a necessary
condition for a gene to be included in the best prediction
subset and their interactions with other genes can lead to a
better performance for classification [35,37].
SVM is used as the fitness evaluator because of its
unique advantage in dealing with high solution space at the
early generations of feature gene searching. It is generally
believed that the optimal hyperplane with the smallest
number of support vectors has a wider adaptability and the
highest classification performance [16]. Li et al. [13,26]
considered a hybrid between GA and KNN, of which KNN
was used as the evaluator. There are several differences
between their hybrid and our proposed method. First, it did
not perform the genetic operator crossover, which is
efficient for generating diverse solutions and increasing
the speed to converge on a better solution(s). Second, to
minimize the loss of the putative important feature genes,
we search for a much wider solution space starting with half
the number of the available genes (4026 genes). The optimal
and minimal subset was obtained by a stepwise dimensionreduction technique. In contrast, in several studies, the
solution space (the length of the bchromosomeQ) was
arbitrarily determined prior to learning. Third, for a KNN,
a suitable K value has to be defined.
Current applications of microarrays focus on classification or discovery of biological types, and the basic strategy
is to search for a single subset that leads to the best
prediction of biological types, for example, tumor versus
normal tissues. However, with the simultaneous profiling of
most, if not all, of the genes of an organism, more
challenging but important biological tasks like hunting for
biological relevant genes and thereby building the corresponding gene networks can be performed. In a separate
paper, we developed a novel approach to hunting diseaserelevant genes using an ensemble approach with a recursive
partition tree as the feature gene search engine [37].
Alternatively, we may consider the competitor-genetic
algorithm-as the search engine. In particular, its parallel
searching strategy that avoids becoming trapped in a local

optimum and its robustness to size of searching space and
the underlying multivariate assumptions would render it a
very promising method for more complex biological tasks
as well. Our results show that GA coupled with SVM
warrants further consideration of application to a variety of
biological investigations using microarray approaches.
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