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Abstract. In this paper, we present two novel memetic algorithms (MAs)
for gene selection. Both are synergies of Genetic Algorithm (wrapper
methods) and local search methods (filter methods) under a memetic
framework. In particular, the first MA is a Wrapper-Filter Feature Selec-
tion Algorithm (WFFSA) fine-tunes the population of genetic algorithm
(GA) solutions by adding or deleting features based on univariate fea-
ture filter ranking method. The second MA approach, Markov Blanket-
Embedded Genetic Algorithm (MBEGA), fine-tunes the population of
solutions by adding relevant features, removing redundant and/or irrel-
evant features using Markov blanket. Our empirical studies on synthetic
and real world microarray dataset suggest that both memetic approaches
select more suitable gene subset than the basic GA and at the same time
outperforms GA in terms of classification predictions. While the classi-
fication accuracies between WFFSA and MBEGA are not significantly
statistically different on most of the datasets considered, MBEGA is ob-
served to converge to more compact gene subsets than WFFSA.

1 Introduction

Over the recent years, microarray technology has attracted increasing interest
in many academic communities and industries. One major application of mi-
croarray technology lies in cancer classification. Thus far, a significant amount
of new discoveries have been made and new bio-markers for various cancer have
been detected from microarray data. However, due to the nature of the microar-
ray gene expression data, cancer classification has remained a great challenge to
computer scientists.

Microarray data is characterized with thousands of genes but with only a
small number of samples available for analysis. This makes learning from mi-
croarray data an arduous task under the effect of curse of dimensionality. Fur-
thermore, microarray data often contains many irrelevant and redundant fea-
tures, which affect the speed and accuracy of most learning algorithms. There-
fore, feature selection (also commonly known as gene selection in the context of
microarray) is widely used to address these problems.

In general, feature selection methods can be categorized into filter and wrap-
per methods [1]. Filter methods assess the merits of features according to their



individual relevance or discriminative power with respect to the target classes.
Since these methods do not involve the induction algorithm, they are relatively
inexpensive to compute. Wrapper methods, on the contrary, use the induction
algorithm itself to evaluate the candidate feature subsets. They select feature
subsets more suitable for the induction algorithm, generally at the expense of a
higher computational time when compared to filter methods. One key issue of
wrapper method is how to search the space of feature subsets. On microarray
data, as the number of genes (features) are typically very large, most of existing
search methods (e.g., complete search, heuristic search, and random search) face
the problems of intractable computational time.

Genetic Algorithm (GA) has well known ability to produce high quality solu-
tion within tractable time even on complex problems [2–6]. It has been naturally
used for gene selection and has shown promising performance in dealing with
microarray data [7]. Unfortunately, due to the inherent nature of GA, it often
takes a long time to locate the local optimum in a region of convergence and may
sometimes not find the optimum with sufficient precision. One way to solve this
problem is to hybridize GA with some memetic operators (also known as local
search operators) [8–10] which are capable of fine-tuning and improving the solu-
tions generated by the GA more precise and efficient. This form of evolutionary
algorithms are often referred to as Memetic algorithms (MAs) [8, 9].

In this paper, we present a comparison study on two MAs we have recently
proposed for gene selection [11, 12] on synthetic and real microarray data. Both
are synergies of the Genetic Algorithm (wrapper methods) and local search meth-
ods (filter methods) under a memetic framework. In particular, the Wrapper-
Filter Feature Selection Algorithm (WFFSA) [11] fine-tunes the population of
GA solutions by adding or deleting features based on univariate feature filter
ranking method. The second MA approach, Markov Blanket-Embedded Genetic
Algorithm (MBEGA) [12], fine-tunes the GA population by adding the rele-
vant features, removing the redundant and/or irrelevant features using Markov
blanket technique.

The rest of this paper is organized as follows. Section 2 presents the two MAs
proposed for gene selection. Section 3 presents the numerical results obtained
from our empirical study on synthetic and real microarray datasets. Analysis
of the numerical results and some discussions are also presented in the section.
Finally, Section 4 concludes this paper.

2 System and Methodology

In this section, we describe the memetic framework of WFFSA and MBEGA.
The local search method or filter method or otherwise known also as meme used
in the WFFSA and MBEGA are then described in subsection 2.1.

The proposed Memetic framework for gene selection is briefly outlined in
Figure 1. At the start of the MA search, a population of potential gene subset
solution is generated randomly with each chromosome encoding a candidate
gene subset. In the present work, each chromosome is composed of a bit string



of length equal to the total number of features or genes in the problem of interest.
Using binary encoding, a bit of ’1’ (’0’) implies the corresponding gene is selected
(excluded). The fitness of each chromosome is then obtained using an objective
function based on the induction algorithm:

Fitness(c) = J(Sc) (1)

where Sc denotes the selected gene subset encoded in a chromosome c, and the
gene selection objective function, J(Sc), provides a measure on the classifica-
tion error for the given gene subset Sc. In this study, we use support vector
machine (SVM) as the classifier since it has shown superior performance over
other methods on microarray data. Further, to reduce the computational cost
incurred, the leave-one-out error of SVM is estimated using the radius margin
bound [13]. When two chromosomes are found having similar fitness (i.e. for a
misclassification error of less than one data instance, the difference between their
fitness is less than a small value of ε = 1/n, where n is the number of instances),
the chromosome with a smaller number of selected genes is given greater chance
of surviving to the next generation.

Memetic Algorithm for Gene Selection
BEGIN

1. Initialize: Randomly generate an initial population of feature subsets encoded
with binary string.

2. While(not converged or computational budget is not exhausted)
3. Evaluate fitness of all feature subsets in the population based on J(Sc).
4. Select the elite chromosome cb to undergo local search.
5. Replace cb with improved chromosome c′′b using Lamarckian learning.
6. Perform evolutionary operators based on restrictive selection, crossover,

and mutation.
7. End While

END

Fig. 1. Memetic algorithm for Gene Selection

In each MA generation, the elite chromosome, i.e., the one with the best
fitness value, then undergoes a local search procedure in the spirit of Lamar-
ckian learning [8]. Subsequently, the population of chromosome then undergoes
evolutionary operators that includes linear ranking selection, and our proposed
restrictive crossover and restrictive mutation [11] operators with elitism. To ac-
celerate the evolutionary search, a constraint on the maximum number of ’1’
bits,m, in each chromosome is imposed.



2.1 Local Search

The local search procedure proposed is a recipe of two heuristic operators,
namely Add and Del. For a given selected gene subset encoded in chromosome
c, we define X and Y as the subsets of selected and excluded genes encoded in
c, respectively. An Add operator inserts genes from Y into X, while a Del oper-
ator removes existing genes from X to Y. The important question is which gene
to add or delete from a given chromosome that encodes potential gene subset.
Here, we consider two possible scheme for adding or deleting genes in WFFSA
and MBEGA.

1. Filter Ranking (WFFSA): All features are ranked using a filter method.
In this study the ReliefF [14] is considered. Add operator selects a feature
from Y using the linear ranking selection method described in [15], and
moves it to X. Del selects a feature from X also using linear ranking selection
and moves it to Y. The outline for Add and Del operators are provided in
Figures 2 and 3, respectively.

2. Markov Blanket [16] (MBEGA): Here, both the Add and Del operators
selects a feature from Y using also the linear ranking selection approach.
However, MBEGA differs in the use of the C-correlation measure [17] instead
of ReliefF in WFFSA for ranking of features (see Figure 2 for the details).
Further for a given Xi, MBEGA proceeds to remove all other features in X
that have been covered by Xi using the approximate Markov blanket3 [17].
If a feature Xj has a Markov blanket given by Xi, this suggests that Xj gives
no additional useful information beyond Xi on class C. Hence, Xj may be
considered as redundant and could be safely removed. If there is no feature
in the approximate Markov blanket of Xi, the operator then tries to delete
Xi itself. The detailed procedure for Del operator is outlined in Figure 4.

Add Operator:
BEGIN

1. Rank the features in Y in descending order based on ReliefF in WFFSA while the
C-correlation measure in MBEGA.

2. Select a feature Yi in Y using linear ranking selection [15] such that the higher the
quality of a feature in Y, the more likely it will be selected to move to X.

3. Add Yi to X.

END

Fig. 2. Add operator

3 Here we use the approximate Markov blanket [17] instead of a complete Markov
blanket [16] to reduce the computational expense involved.



Del Operator in WFFSA:
BEGIN

1. Rank the features in X in ascending order using ReliefF.
2. Select a feature Xi in X using linear ranking selection [15] such that the lower the

quality of a feature in X, the more likely it will be selected to move to Y.
3. Remove Xi to Y.

END

Fig. 3. Del operator in WFFSA

Del Operator in MBEGA:
BEGIN

1. Rank the features in X in descending order based on C-correlation measure.
2. Select a feature Xi in X using linear ranking selection [15] such that the higher

the C-correlation value of a feature in X, the more likely it will be selected.
3. Eliminate all features in X− {Xi} which are in the approximate Markov blanket

of Xi. If no feature is eliminated, remove Xi itself.

END

Fig. 4. Del operator in MBEGA

It is possible to quantify the computational complexity of the two local op-
erators based on the search range L, which defines the maximum numbers of
Add and Del operations. Therefore, with L possible Add and L possible Del
operations, there are a total of L2 possible combinations of Add and Del oper-
ations that may be applied on a chromosome during local learning. Since our
previous study in [11] suggests L = 4 and the improvement first strategy gives
better search performances than several others scheme considered in WFFSA,
we use such a configurations in the present comparison study between WFFSA
and MBEGA for gene selection. The details of the local search learning proce-
dure used to improve only the elite chromosome of each GA search generation
is outlined in Figure 5.

3 Empirical Study

In this section, we investigate the performances of WFFSA and MBEGA on
both synthetic and real world microarray data. Results of basic GA (i.e., without
local search) are also presented for comparison. In our empirical study, WFFSA,
MBEGA and GA use the same parameter configurations with population size
= 50, crossover probability = 0.6, and mutation rate = 0.5. The stopping criteria
for all three algorithms are defined by a convergence to the global optimal or a



Local Search
BEGIN

1. Select the elite chromosome cb to undergo memetic operations.
2. For l = 1 to L2

3. Generate a unique random pair {a, d} where 0 ≤ a, d < L.
4. Apply a times Add on cb to generate a new chromosome c′b.
5. Apply d times Del on c′b to generate a new chromosome c′′b .
6. Calculate fitness of modified chromosome c′′b based on J(Sc).
7. If c′′b is better than cb either on fitness or number of features
8. Replace the genotype cb with c′′b and stop memetic operation.
9. End If

10. End For

END

Fig. 5. Local Search Procedure

maximum computational budget of 2000 fitness functional calls is reached. It is
worth noting that the fitness function calls made to J(Sc) in the local search are
also included as part of the total fitness function calls for fair comparison to the
GA. The maximum number of bit ’1’ in the chromosome m is set to 50.

To prevent overfitting, we consider a balanced .632+ external bootstrap [12]
for estimating the prediction accuracy of a given gene subset. At each bootstrap,
a training set is sampled with replacement from the original dataset, and the test
data is formed by unsampled instances. Note that J(Sc) uses only the training
data while the prediction accuracy of a feature subset is evaluated based on the
unseen test data. The external bootstrap is repeated 30 times for each dataset
and the average results are reported.

3.1 Synthetic Data

We begin our study of the proposed MAs on synthetic microarray data since the
true optimal gene subset is known beforehand. Here, the two-class synthetic data
used is composed of 4030 genes and 80 samples with 40 samples for each class
label. The centroid of these two classes are located at (-1,-1,-1) and (1,1,1). Three
groups of relevant genes are generated from a multivariate normal distribution,
with 10 genes in each group. All these relevant genes are generated using variance
1 and a mean vector [µ1, µ2, . . . , µ80], of µ1 = . . . = µ40 = −1 and µ41 = . . . =
µ80 = 1. The correlation between intra-group genes is 0.9, whereas the correlation
between inter-group genes is 0. Hence, genes in the same group are redundant
with each other and the optimal gene subset to separate the two classes consists
of any 3 relevant genes from different groups. Another 4000 irrelevant genes are
added to the data. Among these 4000 genes, 2000 are drawn from a normal
distribution of N(0,1) and the other 2000 genes are sampled with a uniform
distribution of U[-1,1].



Table 1. Feature selection by each algorithm on synthetic data

Algorithm GA WFFSA MBEGA

Test Error 0.0701 0.0250 0.0202
#Selected Groups 2.6 3 3
#Selected Genes 34.1 35.5 9.7
#Selected Relevant Genes 3.2 23.2 8.2
#Selected Redundant Genes 0.6 20.2 5.2
#Selected Irrelevant Genes 30.9 12.3 1.5

#Selected Genes = #Selected Relevant Genes + #Selected Irrelevant Genes;
#Selected Relevant Genes = #Selected Groups + #Selected Redundant Genes.

The results of the feature selection by GA, WFFSA, and MBEGA are tab-
ulated in Table 1. Both the WFFSA and MBEGA outperform GA in terms of
classification accuracy, showing lower test error rates in Table 1 than the lat-
ter. MBEGA obtains the lowest test error rates among all three methods. Both
WFFSA and MBEGA also select more compact feature subset than GA. They
consistently select relevant genes found in all the 3 groups, while GA fails to
do so and converges to subsets that contain irrelevant genes at the end of the
computational budget of 2000 fitness function calls. Among all, MBEGA selects
the smallest subset of relevant genes with the use of Markov blanket for local
learning. Since the filter ranking procedure in WFFSA considers individual gene
contributions during local learning, it cannot identifying the interactions be-
tween the genes. Therefore, unlike MBEGA, WFFSA is incapable of removing
the redundant genes.

3.2 Microarray Data

In this section, we consider some real world microarray datasets having sig-
nificantly large number of features (genes). In particular, 6 publicly available
datasets (i.e., Colon Cancer, Central Nervous System, Leukemia, Breast Can-
cer, Lung Cancer, and Ovarian Cancer) in [18] are considered in the present
study. In Table 2, the average test error and average number of selected genes of
each feature selection algorithm (across 30 runs using the .632+ bootstraps) on
the eleven datasets are reported. In gene selection, evaluation of the objective
function based on SVM and local learning takes up the overwhelming bulk of
the computation. To speedup the gene selection process, we considered the Grid
problem solving environment developed in [19, 20]. By doing so, a sub-linear im-
provement in the gene selection efficiency can be achieved via parallelism since
gene subsets and local search in an EA generation can be conducted indepen-
dently and simultaneously across multiple compute nodes.

It is consistent with the earlier results in section 3.1 on synthetic data that
both WFFSA and MBEGA obtain lower test error rates than GA (see Table 2).
This suggests the local searches in both MAs have successfully helped to fine-tune



Table 2. Performance of feature selection algorithms on microarray datasets

GA WFFSA MBEGA

Colon err 0.1899 0.1523 0.1434

(2000× 60) |Sc | 23.3 23.1 24.5

Central Nervous System err 0.317 0.277 0.2779

(7129× 60) |Sc | 24.1 22.1 20.5

Leukemia err 0.0769 0.0313 0.0411

(7129× 72) |Sc | 25.2 29.6 12.8

Breast err 0.3119 0.2582 0.1926

(24481× 97) |Sc | 22.1 27.8 14.5

Lung err 0.0193 0.0088 0.0104

(12533× 181) |Sc | 24.4 28.6 14.1

Ovarian err 0.0057 0.0050 0.0048

(15154× 253) |Sc | 23.3 18.7 9.0

err : test error; |Sc |: average number of selected genes.

the GA more accurately and efficiently. As a result, smaller subset of important
genes that generates improved classification accuracies are found for the datasets.
Further, the results in Table 2 also suggests that WFFSA and MBEGA are
competitive to each other in terms of classification accuracy. Both outperforms
each other on three out of the eleven datasets considered. Nevertheless, it is
worth highlighting that once again MBEGA converges to more compact gene
subsets than WFFSA by eliminating the redundant genes that exists.

4 Conclusions

In this paper, two MAs feature selection algorithms WFFSA and MBEGA are
investigated and compared using synthetic and real world microarray data. With
the inclusion of local learning based on filter and/or Markov blanket guided
Add/Del operators in the basic GA, both MAs have been observed to converges
to solutions with more compact feature/gene subsets at improved classification
performance and efficiency. The prediction accuracy of both MAs described are
not significantly different when experimented on synthetic and microarray data.
Nevertheless, MBEGA generally leads to a lower redundant features in the final
solution than WFFSA. For diagnostic purpose in clinical practice, a smallest
subset of genes would generally be preferred if good predictive performance is
maintained. Therefore, MBEGA would be more suitable for gene selection.
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