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Abstract. Due to the huge number of genes and comparatively small number of 
samples from microarray gene expression data, accurate classification of dis-
eases becomes challenging. Feature selection techniques can improve the classi-
fication accuracy by removing irrelevant and redundant genes. However, the 
performance of different feature selection algorithms based on different theo-
retic arguments varies even when they are applied to the same data set. In this 
paper, we propose a hybrid approach to combine useful outcomes from differ-
ent feature selection methods through a genetic algorithm. The experimental re-
sults demonstrate that our approach can achieve better classification accuracy 
with a smaller gene subset than each individual feature selection algorithm 
does. 

1   Introduction 

As one of the important recent breakthroughs in the field of experimental molecular 
biology, microarray technology allows scientists to monitor changes in the expression 
levels of genes in response to changes in environmental conditions or in healthy ver-
sus diseased cells. It increases the possibility of disease classification and diagnosis at 
the gene expression level. However, due to a huge number of genes (features) and 
comparatively small number of samples, biologists are often frustrated by microarray 
gene expression data when they are trying to search for meaning from it. It is impor-
tant for diagnostic tests to be able to remove redundant and irrelevant genes and find a 
subset of discriminative genes. Selecting informative genes is crucial to improving the 
diagnostic/classification accuracy [2, 7].  

Many methods have been proposed for feature selection. Among them, feature 
ranking techniques are particularly attractive because of their simplicity, scalability, 
and good empirical success. A set of top ranked features can be selected for data 
analysis or building a classifier. Some feature ranking methods use information-
theoretic functions, such as

2χ -statistics [4], T-statistics [2], MIT correlation [5], 
information gain [1], and entropy-based measure [6]. Some other approaches utilize 
Support Vector Machines (SVMs) for feature ranking/selection [7, 8].     

However, different feature selection methods result in different gene rankings or 
gene subsets. It is hard to decide which feature selection algorithm is best fit for a data 
set because the performance of an algorithm varies with different data sets. Our work 
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in this paper is to effectively combine information from various feature selection 
methods for more reliable classification. We propose a hybrid approach that combines 
valuable information from multiple feature selection methods through a genetic algo-
rithm (GA). To evaluate our method, several feature selection algorithms, that is, 
entropy-based [6], T-statistics, and SVM-RFE (Recursive Feature Elimination) [7] are 
used to provide candidate features for the GA. We test our approach on two microar-
ray data sets (Colon Cancer and Prostate Cancer).  Experimental results show that our 
approach is effective and efficient in finding subsets of informative genes for reliable 
classification.     

The rest of the paper is organized as follows. Section 2 describes our hybrid feature 
selection method. Section 3 introduces three existing feature selection algorithms used 
in later experiments. Section 4 compares our method with three existing feature selec-
tion algorithms on two data sets. Conclusion is drawn in Section 5.  

2   Method 

The idea of our hybrid approach (shown in Fig.1.) is to absorb useful information 
from different feature selection algorithms to find better feature subsets that can have 
smaller size or better classification performance than those individual algorithms. We 
use a genetic algorithm (GA) to fuse multiple feature selection criteria to accomplish 
this goal.  

Gene/Feature Pool. The feature pool is a collection of candidate features to be se-
lected by the genetic algorithm to find a feature subset. Instead of using all features 
from the original data, sets of features selected by multiple feature selection algo-
rithms are input to the pool.  

Representation of Feature Subset.  Each feature subset (an individual) is encoded 
by n-bit binary vectors. The bits with value 1 in a vector represent the corresponding 
features being selected, while the bits with value 0 mean the opposite.  

Induction Algorithm. The genetic algorithm is independent of the inductive learning 
algorithm used by the classifier. Multiple induction algorithms, such as Naïve Bayes, 
artificial neural network, and decision trees can be flexibly incorporated into our 
method. In this paper, we use SVM classifier [9] in our experiments. 

Fitness Function. Our genetic algorithm is designed to maximize classification accu-
racy of the chosen classifier.  So the accuracy obtained from the induction algorithm 
is used to evaluate each individual in a population. 

Genetic Operators 

(1) Selection: Roulette wheel selection is used to probabilistically select individuals 
from a population for later breeding.  

(2) Crossover: We use single-point crossover operator. The crossover point i is cho-
sen at random. 

(3) Mutation: Each individual has a probability pm to mutate. We randomly choose a 
number of n bits to be flipped in every mutation stage. 
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Fig. 1. Hybrid feature selection with genetic algorithm 

3   Feature Selection Methods 

To evaluate our method, three feature selection algorithms (i.e. entropy-based,  
T-statistics and SVM-RFE) are applied to microarray data sets. Then a number of top-
ranked features from each algorithm are selected to form the feature pool for the GA. 
The idea of entropy-based method [6] is that removing an irrelevant feature would 
reduce the entropy more than that for a relevant feature. The algorithm ranks the fea-
tures in descending order of relevance by finding the descending order of the entropy 
after removing each feature one at a time. T-statistics is a classical feature selection 

approach [2].  Each sample is labeled with {1, -1}. For each feature fj, the mean
1
jμ  

(resp. 
1−

jμ ) and standard deviation 
1
jδ  (resp. 

1−
jδ ) are calculated using only the sam-

ples labeled 1 (resp. -1). Then a score T(fj) can be obtained by the equation defined in 
[2]. When making a selection, those features with the highest scores are considered as 
the most discriminatory features. Guyon et al. [7] proposed SVM-RFE, a backward 
feature elimination algorithm that removes one “worst” gene (i.e., the one changed the 
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objective/cost function J least after being removed) at one time. 
2

iw  is taken as the 

ranking criterion in SVM-RFE. 

4   Experiments  

Leave-One-Out (LOO) cross-validation is used in Experiment 1 to obtain an estimate 
of the classification accuracy. Since a testing data set is available in Experiment 2, 
five-fold cross-validation is used to estimate the training accuracy. We use SVM with 
linear kernel as the classifier in both experiments. However, it is flexible to apply 
multiple induction algorithms to our hybrid method. Our experiments are imple-
mented in a PC with Pentium 4(2.64MHz) and 512M RAM. All algorithms are coded 
in C++ and Matlab R14.    

4.1   Experiment 1 

Colon cancer data set [13] contains the expression of the 2000 genes across the 62 
tissues/samples (40 tumor and 22 normal) collected from colon-cancer patients.  

The experimental results of entropy, T-statistics, and SVM-RFE on Colon cancer 
data are presented in Table 1.  We can see that in general, SVM-RFE gives the best 
performance among the three. 

Table 1.  LOO accuracy of entropy-based, t-statistics, and SVM_RFE on colon cancer data 

Top Features Entropy (%) T-statistics (%) SVM-RFE (%) 

2 65.52 84.48 75.86 

4 65.52 86.21 89.66 

8 65.52 86.21 96.55 

16 65.52 87.93 98.28 

32 65.52 89.66 96.55 

64 60.34 89.66 94.83 

128 68.97 89.66 93.10 

256 81.03 87.93 91.38 

512 84.48 82.76 86.21 

1024 82.76 81.03 84.48 

2000 81.03 81.03 79.31 

Table 2.  Top-20 features from entropy-based, t-statistics, and SVM-RFE on colon cancer data 

Feature Selec-
tion Algorithms 

Top-20 Features 

Entropy-based 169,1451,1430,1538,1660,375,1277,1150,445,1697,761,1170,825,609,1055,603,
1882,1910,1341,808 

T-statistics 493,765,377,1423,249,245,267,66,14,1772,625,822,622,411,137,1674,1771,111,
1582,513 

SVM-RFE 350,164,14,1378,43,1976,1325,353,44,16,250,175,159,115,458,24,988,47,33,30 
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Table 3. GA experiments on colon cancer data 

Gene/Feature Pool

Entropy-based T-statistics SVM-RFE

Feature Subsets Selected 
by GA

LOO Acc.
(%)

Top 2
 (169, 1451)

Top 2 
(493,765)

Top 2 
(350,164)

5 (164,169,350,493,765) 89.66

Top 2 
(169, 1451)

Top 4 
(493,765 
,377,1423)

Top 4 
(350,164,14, 
1378)

6
(14,164,350,1378,1423,1
451)

98.28

Top 4
 (169, 1451,1430, 
1538)

Top 4 
(493,765, 
377,1423)

Top 4 
(350,164,14, 
1378)

10
(14,164,350,377,765,137
8, 1423,1430,1451, 
1538)

96.56

Top 4 
(169,1451,1430,1
538)

Top 8 
(493,765,377,14
23,249,245,267,
66)

Top 8
(350,164,14,1378,
43,1976,1325,353
)

12
(14,43,66,164,245,267,3
50,493,765,1325,1430,14
51)

98.28

 
    The numbers in bold are the genes selected by the GA from the feature pool. 

The Top-20 features given by the three algorithms on Colon data set are presented 
in Table 2. Only one gene/feature with column ID 14 is shared by T-statistics and 
SVM-RFE and entropy-based method has no common feature with the other two 
algorithms in Top-20 features. Besides the top 20 features, we notice that the ranks of 
features are very different in the three algorithms. 

Table 3 shows the experimental results of applying our algorithm to Colon cancer 
data. To show the robustness of GA approach, we test several feature pools each of 
which contains a different number of top-ranked features chosen from the three meth-
ods. Our feature pools are relatively small because we assume a smaller informative 
gene subset (e.g., no more than 20 genes) is usually preferred for data analysis for a 
given accuracy due to the cost of performing the necessary clinical test and analysis. 
Features finally selected by the genetic algorithm are highlighted. In this experiment, 
the genetic algorithm is terminated with a maximum of 10 iterations. The size of the 
population is 30. It is possible to achieve better results if more iterations or a larger 
population size are allowed. As Table 3 shows, the genetic algorithm is capable of 
selecting a subset of 6 genes and achieves 98.28% accuracy while SVM-RFE needs 
16 genes to get the same accuracy. In another case, our approach finds a subset of 12 
genes from a different gene pool, which also reaches 98.28% accuracy. 

4.2   Experiment 2 

We further test the T-statistics, SVM-RFE and our approach on Prostate cancer data 
set [14]. Entropy-based algorithm is not used on this data set for the reason of time 
consumption. This data set consists of training data and testing data. The training data 
contain 52 prostate tumor samples and 50 non-tumor (normal) prostate samples with 
12600 genes. The testing data contain 34 samples (25 tumor and 9 normal samples) 
obtained from a different experiment. In this experiment, feature selection algorithms 
first select features from training data. Then SVM classifies the testing data based on 
these selected features.  
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Table 4. Training and testing accuracy of t-statistic and SVM-RFE on prostate cancer data 

Training Accuracy (%) Testing Accuracy (%) Features 

T-statistics SVM-RFE T-statistics SVM-RFE 

2 76.47 84.31 97.06 73.53 

4 78.43 86.27 97.06 70.59 

8 86.27 96.08 88.24 73.53 

16 83.33 100.00 88.24 85.29 

32 89.22 100.00 88.24 94.12 

64 90.20 100.00 76.47 91.18 

128 91.18 99.02 91.18 91.18 

256 93.14 95.10 82.35 91.18 

512 93.14 95.10 82.35 91.18 

1024 91.18 94.12 85.29 94.12 

2048 91.18 93.14 88.24 94.12 

4096 89.22 92.16 94.12 94.12 

8192 90.20 91.18 97.06 94.12 

12600 89.22 91.18 97.06 94.12 

 

Table 5. Top-20 features from t-statistics and SVM-RFE on prostate cancer data 

Feature Selection 
Algorithms 

Top-20 Features 

T-statistics 6185,10138,3879,7520,4365,9050,205,5654,3649,12153,3794,9172,
9850,8136,7768,5462,12148,9034,4833,8965 

SVM-RFE 10234,12153,8594,9728,11730,205,11091,10484,12495,49,12505,10
694,1674,7079,2515,11942,8058,8658,8603,7826 

Table 4. presents the results of T-statistics and SVM-RFE on Prostate cancer data. 
SVM-RFE again performs better than T-statistics in most of cases. However, its test-
ing accuracy is much lower than that of T-statistics when using top 2 and top 4 fea-
tures. Among the Top-20 features ranked by the two methods, there are only two 
common genes as shown in Table 5.  

The results of our algorithm on the Prostate cancer data are presented in Table 6. 
Since this data set is relatively large with 12600 features, we terminate the genetic 
algorithm with 5 iterations. We adopt five-fold validation for training accuracy. For 
all of the three feature pools in Table 6, our approach can obtain the best testing accu-
racy (94.12%) with much smaller feature subsets compared to SVM-RFE. However, 
the testing accuracy is not as good as the one achieved by Top-2 or Top-4 genes se-
lected by T-statistics.  In the first case, our approach selects a subset of 3 genes which 
can achieve 93.14% training accuracy, while SVM-RFE and T-Statistics cannot even 
reach the same training accuracy with 4 genes. In the second case, a subset of 4 genes 
selected by our GA achieves 95.10% training accuracy, which is higher than SVM-
RFE and T-statistics with the same size of gene subset. In the last case, we select a 



684 F. Tan et al. 

subset of 8 genes, which achieves the same training accuracy as SVM-RFE does, but 
with higher testing accuracy.  

Table 6. GA experiments on prostate cancer data 

Gene/Feature Pool 

T-statistics SVM-RFE 

Feature Subsets Se-
lected by GA 

Training 
Acc. (%) 

Testing 
Acc. (%) 

Top2  
(6185 10138) 

Top2  
(10234,12153) 

3  
(6185,10138,10234) 

93.14 94.12 

Top4  
(6185,10138, 
3879,7520) 

Top 4 
(10234,12153,8594,
9728) 

4 (3879,6185,8594, 
10234) 

95.10 94.12 

Top8  
(6185,10138, 
3879,7520,4365 
9050, 205,5654) 

Top 8 
(10234,12153, 
8594,9728,11730,2
05,11091,10484) 

8 (205,8594,9728, 
10234,10484,11091,11
730,12153) 

96.08 94.12 

    The numbers in bold are the genes selected by the GA from the feature pool. 

5   Conclusions 

In this paper, we present a hybrid feature selection approach for microarray gene 
expression data. We use a genetic algorithm to combine valuable outcomes of multi-
ple feature selection algorithms to try to find subsets of informative genes. We com-
pare our method with entropy-based, T-statistics, and SVM-RFE on two data sets. 
Our method is able to robustly find a small-sized feature set for reliable classification.  
The experimental results show that our method is efficient for microarray gene selec-
tion and classification. In our experiments, we randomly choose top features to form 
the feature pool.  However, it can be seen that top features cannot guarantee better 
classification. How to choose features from the outcomes of various algorithms is an 
important problem to be solved. The genetic algorithm can also be improved. We 
leave it for future work. 
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