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Abstract—In this paper, a new approach based on Binary 

Black Hole Algorithm (BBHA) and Adaptive Boosting version 

M1 (AdaboostM1) is proposed for finding genes that can 

classify the group of cancers correctly. In this approach, BBHA 

is used to perform gene selection and AdaboostM1 with 10-fold 

cross validation is adopted as the classifier. Also, to find the 

relation between the biomarkers for biological point of view, 

decision tree algorithm (C4.5) is utilized. The proposed 

approach is tested on three benchmark microarrays. The 

experimental results show that our proposed method can select 

the most informative gene subsets by reducing the dimension of 

the data set and improve classification accuracy as compared to 

several recent studies. 

   

Keywords—Gene selection; AdaboostM1; binary black hole 

algorithm; cancer classification. 

 

I. INTRODUCTION 

DNA microarray technology enables the researchers to 

investigate the expression levels of thousands of genes 

simultaneously. The DNA microarray data usually contain 

small sample size and thousands of genes that most of them 

are proved to be uninformative and redundant. Hence, 

finding a small subset of significant genes in microarray data 

in order to improve classification accuracy is an important 

issue in gene expression analysis.  
Because of their good performance on searching global 

minima many evolutionary algorithms such as genetic 
algorithm (GA) [1], particle swarm optimization (PSO) [2, 3] 
and hybrid PSO/GA have been used for gene selection [4, 5].  

Many supervised learning algorithms such as linear 
discriminant analysis [6], support vector machine (SVM) 
[1,7], decision tree (C4.5) [8], K-nearest neighbor [9], 
artificial neural network (ANN) [5] have been used as fitness 
function of optimization algorithms for microarray data 
classification, effectively. 

In the field of pattern recognition, a hybrid genetic 
algorithm and Adaboost model for the purpose of feature 
selection was developed [10]. 
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The [11] Binary Black Hole Algorithm (BBHA) has been 

used for feature selection on several small medical datasets. 
Compared with GA and PSO, BBHA has some attractive 
characteristics such as fast convergence rate and only one 
parameter for setting. As an ensemble algorithm, 
AdaboostM1 tends to achieve high prediction accuracy by 
reinforcing training on misclassified samples [12].  

In this paper in order to remove uninformative and 
redundant genes, increase classification accuracy and 
discover biomarkers, the BBHA-AdaboostM1 approach 
which uses BBHA for gene selection and AdaboostM1 for 
samples classification is proposed. 

First, 𝜒2- squared statistic with Leave-One-Out Cross- 
Validation (LOOCV) schema is used for measuring the 
important genes in the microarray. Then the top weighted 
genes are gathered and a new feature subset is generated. 
Thereafter BBHA is employed to select informative genes 
from new feature subsets. In the process of gene selection, 
AdaboostM1 with 10-fold cross validation is used to evaluate 
the selected gene subsets. In the next step, the most frequent 
genes (biomarkers) are selected and finally decision tree 
classifier is applied for rule extraction and finding the relation 
between these biomarkers.  

The remainder of this paper is organized as follows. In 
section II the used methods are introduced. They include 
BBHA, AdaboostM1 and proposed approach. Section III 
presents the experimental results on three microarrays. 
Finally, section IV summarizes the conclusion. 

II. METHODS 

A. Binary Black Hole Algorithm 
The Black Hole Algorithm (BHA) is a strong stochastic 

optimization algorithm based on the manner of the black hole 
in outer space. This algorithm was developed by Hatamlou in 
2013 [13]. A binary version of the BHA (BBHA) is 
introduced in [11] to solve gene selection problem. BBHA 
utilizes a number of stars that develop for a swarm moving 
around in the search space seeking for the best-initialized 
star. A swarm consists of N stars, where each star indicates a 
candidate solution moving around 𝑑- dimensional search 
space. All of the stars have fitness values, which are 
evaluated by fitness function to be maximized. For all 
iterations of BBHA, a star with the best fitness value is 
preferred to be called as the black hole (𝑋𝐵𝐻). The following 
equations can be used to compute the star’s position:  

 
𝑋𝑖𝑑 (𝑡 + 1) = 𝑋𝑖𝑑(𝑡) + 𝑟𝑎𝑛𝑑 × (𝑋𝐵𝐻 − 𝑋𝑖𝑑(𝑡))    𝑖 = 1,2, … , 𝑁             (1) 

 

𝑆(𝑋𝑖𝑑 (𝑡 + 1)) = 𝑎𝑏𝑠(tanh(𝑋𝑖𝑑 (𝑡 + 1)))          (2) 
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𝑋𝑖𝑑 (𝑡 + 1) = {
1      If  𝑆(𝑋𝑖𝑑 (𝑡 + 1)) >  rand 

0     otherwise                             
         (3) 

where 0 means that this feature is not selected and 1 means 
that this feature is selected as a required attribute for the next 
renewal. Rand indicates an optional number in the interval [0, 
1] and 𝑁 denotes the number of stars. While stars moving 
toward the 𝑋𝐵𝐻  by equation 1, a star might reach a position 
with greater fitness value than the 𝑋𝐵𝐻  or the fitness value of 
them is identical but the number of the features is less. In 
such a case, the position of them must be exchanged. Then 
with the black hole in the new place, the algorithm will 
commence and stars begin to move toward this black hole. 
Each black hole has an event horizon. The sphere shaped 
bound of a black hole is noted as the event horizon. At some 
phase of moving stars towards the black hole, a star may 
cross the event horizon. In this case, the black hole will 
swallow this star and instead of it a new star will randomly be 
created and situated in the search space. The following 
equation is used to compute the event horizon radius of BHA:   
 

𝑅 =
𝑓𝐵𝐻

∑ 𝑓𝑖
𝑁
𝑖=1

                              (4) 

 
Where 𝑓𝑖  and 𝑓𝐵𝐻 denotes the fitness value of the 𝑖th star 

and the fitness value of the black hole, respectively. 

B. AdaboostM1 

AdaBoostM1 is an ensemble algorithm that works by 

making a highly accurate classifier by merging many 

relatively weak and inaccurate classifiers [12]. The 

pseudocode of AdaboostM1 algorithm is as follows:  

 

Input: sequence of 𝑚 example〈(𝑥1, 𝑦1), … , (𝑥𝑚, 𝑦𝑚)〉 with labels 𝑦𝑖 ∈ 𝑌 =
{1, … , 𝑘} 

              weak learning algorithm Weak Learn 

Integer 𝑇 specifying number of iteration 

Initialize 𝐷1(𝑖) = 1 𝑚⁄  for all 𝑖 
Do for 𝑡 = 1,2, … , 𝑇 

1. Call Weak Learn, providing it with the distribution  𝐷𝑡 . 

2. Get back a hypothesis ℎ𝑡: 𝑋 → 𝑌. 

3. Calculate the error of ℎ𝑡: 𝜖𝑡 =  ∑ 𝐷𝑡𝑖:ℎ𝑡(𝑥𝑖)≠𝑦𝑖
(𝑖). If 𝜖𝑡 > 1 2⁄ , Thn 

set 𝑇 = 𝑡 − 1 and abort loop. 

4. Set 𝛽𝑡 =  𝜖𝑡 (1 − 𝜖𝑡)⁄ . 

5. Update distribution 𝐷𝑡: 𝐷𝑡+1 (𝑖) =
𝐷𝑡  (𝑖)

𝑍𝑡
 × {

𝛽𝑡  𝑖𝑓  ℎ𝑡(𝑥𝑖) = 𝑦𝑖   
1        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒    

 

      Where 𝑍𝑡 is a normalization constant (chosen so that 𝐷𝑡+1 will be a 

distribution). 

Output: the final hypothesis: ℎ𝑓𝑖𝑛(𝑥) = 𝑎𝑟𝑔𝑚𝑎𝑥𝑦∈𝑌 ∑ 𝑙𝑜𝑔
1

𝛽𝑡
𝑡:ℎ𝑡(𝑥𝑖)=𝑦 . 

                          AdaBoostM1 algorithm 

 
AdaboostM1 has a lot of advantages, such as: 
 

 Simple and easy to implement 

 Fairly good generalization. 

 Flexible—can be combined with any learning 
algorithm. 

 No prior knowledge needed about weak learner 

 Provably effective 

 Versatile—can be used with data that is textual, 
numeric, discrete, etc. 

 Unlike other strong classifiers, such as SVM, it 
can obtain analogous classification results with 
much less tuning of parameters. 

Also, this algorithm has some drawbacks, such as:  

 Sensitive to noisy data and outliers 

 Unable to handle weak hypotheses with error 
greater than 1 2⁄ . 

 Number of iteration is in conflict with speed. 

C. The Proposed BBHA-AdaboostM1 Approach 

Whereas the microarray datasets are very large, the 
searches for optimal gene subsets are very important. BBHA 
has the advantage of finding the global optimal solution. 
Moreover, there is little possibility that the ensemble 
algorithms get stuck in the local optimal solution. Here, we 
use BBHA for gene selection and AdaboostM1 for samples 
classification. The proposed method is called BBHA-
AdaboostM1. The detailed steps for BBHA-AdaboostM1 are 
as follows: 

Step 1: The genes in microarray data are ranked by 
applying LOOCV 𝜒2- squared statistic technique. 

Step 2: Best scored genes (50 top) are selected and new 
genes subset is generated. This new gene subset will 
act as an input to BBHA.  

Step 3: Initialize a population of stars (𝑁 =15) with 
random positions in the search space. Each star 
represents a feasible solution i.e. a gene subset. 

Step 4: According to the fitness function, the fitness value 
of each star, which is the classification accuracy 
obtained by 10-fold cross validation AdaboostM1 is 
evaluated. 

Step 5: The search for the global optimal solution is made 
by dynamically updating the stars in the population. 
The position of stars will be updated according to Eqs. 
(1), (2), and (3). If the star crosses the event horizon of 
black hole which is calculated by Eq. (4), it will go 
and a fresh star will be generated.  

Step 6: Steps 4-5 are repeated until the stop condition is 
met. Here, 30 iterations were considered as stopping 
criteria. The features returning the best accuracy are 
eventually selected as the final optimal genes. 

Step 7: The appearances of the genes in 5 independent runs 
of BBHA-AdaboostM1 are counted. The most 
informative genes which have been repeated ≥4 times 
are reported as biomarkers.  

Step 8: Finally, the decision tree's rules can be found for 
discovered biomarkers. 

III. EXPERIMENTAL RESULTS 

To evaluate the effectiveness of our proposed method, the 

experiments are done on three benchmark microarrays 

(Colon Tumor, Leukemia, Ovarian), which are obtained 

from [14]. The detailed descriptions of these datasets are 

listed in Table I. 

Selection of top genes by 𝜒2- squared statistic helps to 

improve the classification accuracy of microarrays. 
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Classification accuracy of microarrays without any gene 

selection by AdaboostM1 is 79.03%, 97.22%, 98.81% for 

Colon, Leukemia and Ovarian cancer, respectively. 

The number of selected top genes for all datasets is 50. 

Classification accuracy of microarrays for selected 50 top 

genes on Colon, Leukemia, and Ovarian cancer are 86.77%, 

97.22%, 99.60%, respectively.  

Table II shows accuracy, optimal gene subsets and 

discovered biomarkers which are obtained by applying 

proposed approach on microarrays. In colon Tumor, 4 

biomarkers are selected with our proposed approach, 2 

biomarkers in leukemia cancer and 2 biomarkers in ovarian 

cancer are selected as the most frequent genes, respectively. 

All these genes have been repeated (≥4) times out of 5 times 

of running the algorithm. The indexes of these genes are 

highlighted. 

For more details, we use a heat map showing on 

discovered biomarkers. Graphical representation of the 

changes in genes behavior in cancer data can be seen by the 

heat map. In these heat maps, red color represents values 

below the mean, black represents the mean, and green 

represents values above the mean of a gene. Fig.1 shows the 

heat maps of Colon Tumor, Leukemia, and Ovarian cancer, 

respectively. Except M26383 and H77597, the remained 

biomarkers have low expression value in colon Tumor. 

M31523_at in Leukemia microarray have low expression 

value. Both of biomarkers in Ovarian at the half of the 

samples have low expression value and for the other half 

have high expression value.  

We apply decision tree algorithm (C4.5) on biomarkers in 

order to find rules between them (Table III).  We find 6 rules 

with 87.09 % accuracy using 10 fold-cross validations for 

Colon Tumor microarray, 3 rules with 97.22 % accuracy for 

Leukemia and 4 rules with 98.41 % accuracy for Ovarian 

cancer.  

We also compared the result of our proposed method with 

the other studies. The first comparison was based on the 

accuracy of classification and the second was based on 

biomarkers presented in this article and the reference 

articles. Comparing with [4, 5, 15, 16] the proposed 

approach can achieve high classification accuracy with least 

number of genes for all microarrays. In Colon Tumor 

M26383 biomarker and H08393 biomarker are in common 

with reference papers [17, 18], respectively. MZ245.8296 

biomarker in ovarian cancer is in common with reference 

paper [19]. In Leukemia dataset both discovered biomarkers 

are in common with reference paper [20].  

IV. CONCLUSION 

To obtain high classification accuracy with least number 

of significant genes and for discovery of biomarkers, a novel 

method called BBHA-AdaboostM1 was proposed in this 

study. In this method, BBHA is used to perform gene 

selection and AdaboostM1 with 10-fold cross validation is 

used to perform samples classification. The experimental 

results on three benchmark microarray verified that the 

highest classification accuracy with the least number of 

informative genes was obtained by the proposed method.  
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Dataset 
# of 

Genes 

#of 

samples 

# of 

Class 

Sample 

per class 

Classes 

Colon Tumor 2000 62  2 22, 40 Normal, Tumor 

Leukemia 7129 72 2 47,25 ALL, AML 

Ovarian Cancer 15154 253 2 162,91 Cancer, Normal 

Dataset 

# of 

selected 

genes 

Optimal selected genes 
Accuracy 

(%) 

# of 

Biomarkers 

Biomarkers 

Accession No. (gene symbol) 

Colon Tumor 7 249, 365, 652, 1411, 1414, 1671, 1772 95 4 (1671) M26383  (CXCL8) 

 4 1411, 1671, 1772, 1917 98.33  (1772) H08393 (COL11A2) 

 4 66, 1671, 1772, 1917 95.66  (1411) H77597 (MT1H ) 

 4 1411, 1671, 1772, 1917 98.33  (1917) M91463 (SLC2A4) 

 5 1067, 1411, 1671, 1772, 1917 96.66   

      

Leukemia 3 1834, 6539, 6855 100 2 
(2354) M92287_at (CCND3) 
(6855) M31523_at (TCF3) 

 3 1882, 2354, 6855 100   

 3 1834, 2354, 6855 100   

 3 2288, 2354, 4196 100   

 3 2354, 4377, 6855 100   

      

Ovarian Cancer 3 182, 1682, 2235 100 2 (182) MZ2.8234234  

 3 182, 1682, 2238 100  (1682) MZ245.8296  

 3 182, 1682, 2237 100   

 3 182, 1682, 2239 100   

 3 182, 1681, 2237 100   

Dataset Rules with decision tree 

Colon Tumor M26383 <= 56.91875: Normal (14.0) 

M26383 > 56.91875 
|   M91463 <= 112.54048 

|   |   H08393 <= 48.4525 

|   |   |   H77597 <= 141.1925: Tumor (2.0) 
|   |   |   H77597 > 141.1925: Normal (3.0) 

|   |   H08393 > 48.4525: Tumor (36.0) 

|   M91463 > 112.54048 
|   |   H08393 <= 82.0475: Normal (5.0)        

|   |   H08393 > 82.0475: Tumor (2.0) 

  
Leukemia M31523_at <= 528 

|   M92287_at <= 1957: AML (24.0) 

|   M92287_at > 1957: ALL (3.0) 
M31523_at > 528: ALL (45.0/1.0) 

  
Ovarian Cancer MZ245.8296 <= 0.400917 

|   MZ2.8234234 <= 0.466334: Cancer (159.0) 

|   MZ2.8234234 > 0.466334 

|   |   MZ2.8234234 <= 0.468828: Cancer (2.0) 
|   |   MZ2.8234234 > 0.468828: Normal (8.0) 

MZ245.8296 > 0.400917: Normal (84.0/1.0) 

 THREE MICROARRAY DATASETS TABLE I. 

 THE ACCURACY, DISCOVERED BIOMARKERS AND DIFFERENT GENE SUBSETS ON 3 DATASETS TABLE II. 

Colon  

Fig. 1. Heat maps view on three microarrays 

 EXTRACTED RULES BY DECISION TREE ON 3 DATASETS TABLE III. 
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