
 

 

 

 

 

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

Black Hole Algorithm (BBHA) and Random Forest Ranking 

(RFR) is proposed for gene selection and classification of 

microarray data. In this approach, RFR and BBHA are used to 

perform gene selection to remove irrelevant and redundant 

genes. Because of its ability in reducing noise, bias and variance 

errors Bagging with 10-fold cross validation is selected as a 

classifier. The result of RFR-BBHA-Bagging is compared to 

seven benchmark classification methods. Experimental results 

show that our proposed method by selecting the least number 

of informative genes can increase prediction accuracy of 

Bagging and outperforms the other classification methods.  

   

Keywords—Gene selection; random forest ranking; black 

hole algorithm; bagging. 

 

I. INTRODUCTION 

 
Microarray analysis is widely used for human cancer 

diagnosis and classification. The high dimensionality of 
microarray data poses a great challenge to classification. 
Selecting a small number of significant genes from thousands 
of genes in microarray data that can directly contribute to the 
symptom of the disease is an important issue. The methods 
for gene selection are divided into three categories: filter, 
wrapper, and embedded methods [1]. Filter gene selection 
methods apply a statistical measure to assign a score to each 
gene. The genes are ranked by the score and either selected to 
be kept or removed from the microarray. Filter approaches 
remove irrelevant genes according to general characteristics 
of the microarray data [2]. For microarray data classification, 
many methods such as statistical techniques [3], support 
vector machine (SVM) [4], decision tree (C4.5) [5], K-
nearest neighbor [6], back propagation (BP) [7], and Random 
Forest [8] have been used effectively. 

Because they have good performance on searching global 
minima [11, 12], many evolutionary algorithms such as 
genetic algorithm (GA) [4] and particle swarm optimization 
(PSO) [9, 10] have been used for gene selection. 

In [13] Binary Black Hole Algorithm (BBHA) has been 
used for feature selection on several small medical datasets. 
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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, Bagging 
tends to reduce different types of errors and achieve high 
prediction accuracy [14].  

For removing irrelevant and redundant genes and 
increasing classification accuracy, the RFR-BBHA-Bagging 
approach is proposed in this paper, which combines filtering 
technique with BBHA for gene selection, and then uses 
Bagging for samples classification. 

First, Random Forest Ranking 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, 
Bagging with 10-fold cross validation is used to evaluate the 
selected gene subsets. Finally Bagging conducts 
classification on optimally selected gene subsets.  

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

II. METHODS 

 

A. Binary Black Hole Algorithm 

Black Hole Algorithm (BHA) is a population-based 
stochastic optimization technique, which was developed by 
Hatamlou in 2013 [15]. BHA simulates the behavior of the 
Black Hole in outer space. A binary version of the BHA 
(BBHA) as introduced in [13] to solve feature selection 
problems. BBHA begins with the random initialization of a 
population of stars. For all iterations of the BBHA, the most 
excellent candidate is preferred to be the black hole, which 
followed by pulling further stars around it. If a star moves 
very close to the black hole, it will be swallowed by the black 
hole and is disappeared everlastingly. In such a case, a fresh 
star candidate solution is arbitrarily generated and positioned 
in the search space and begins a fresh search.  

During movement, the current position of star 𝑖 is 
represented by a vector 𝑥𝑖 = (𝑥𝑖1 , 𝑥𝑖2, … , 𝑥𝑖𝑑), where 𝑑 is the 
dimension of the search space. The best position obtained by 
the population thus far is called 𝑋𝐵𝐻 . BBHA searches for the 
optimal solution by updating the position of each star 
according to the following equations: 

 
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 Rand is an arbitrary number in the interval [0, 1], 𝑁 is 
the number of stars (candidate solutions). While moving in 
the direction of the black hole, a star might reach a position 
with lower cost than the black hole or the cost of them is the 
same but number of the features is fewer. In such a case, the 
black hole position is changed with the position of that star. 
Then the algorithm will go on with the black hole in the fresh 
location and then stars begin to move in the direction of this 
fresh location. Each black hole has an event horizon. The 
sphere shaped bound of a black hole is known as the event 
horizon. There is a possibility of crossing the event horizon at 
some stage of moving stars towards the black hole. If a star 
crosses the event horizon of the black hole, it will be 
swallowed by it and disappear. In such a case, a fresh star 
candidate solution is arbitrarily generated and positioned in 
the search space. 

The radius of the event horizon in the black hole algorithm 
is computed using the following equation:  
 

𝑅 =
𝑓𝐵𝐻

∑ 𝑓𝑖
𝑁
𝑖=1

                              (4) 

 
where 𝑓𝐵𝐻 is the fitness value of the black hole and 𝑓𝑖is the 
fitness value of the ith star. 𝑁 is the number of stars 
(candidate solutions) [8]. 

B. Bagging 

Bagging is an ensemble method that was proposed by Leo 

Breiman in 1996 [14]. The pseudocode of bagging algorithm 

is shown in Fig. 1.  

 
Training phase 

1. Initialize the parameters 

 𝒟 = ∅, the ensemble. 

 𝐿, the number of classifiers to train. 

2. For 𝑘 = 1, … , 𝐿 

 Take a bootstrap sample 𝑆𝑘 from 𝑍. 

 Build a classifier 𝐷𝑘 using  𝑆𝑘 as the training set. 

 Add the classifier to the current ensemble, 𝒟 = 𝒟 ∪ 𝒟𝑘 . 

3. Return 𝒟. 
Classification phase 

4. Run 𝒟1, … , 𝒟𝐿 on the input x. 
5. The class with the maximum number of votes is chosen as the 

label for x. 

 
         Fig. 1. The bagging algorithm 

 

Fast decision tree learner (REP Tree) was used as 

classifier. As we know, the main reason for the error in 

learning is due to noise, bias, and variance. Noise is an error 

by the target function. Bias is where the algorithm cannot 

learn the target. Variance comes from the sampling, and how 

it affects the learning algorithm. Bagging reduces these errors 

and thereby increases accuracy. 

 

C. Random Forest Ranking 

Random forest is an ensemble classifier that uses many 

decision tree models. The pseudocode of Random Forest 

Ranking is shown in Fig. 2. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D. The Proposed RFR-BBHA-Bagging 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. 
Through the Ranking algorithm, we can study the 
discriminatory power of each gene on classification. 
Moreover, there is little possibility that the ensemble 
algorithms get stuck in the local optimal solution. Here, we 
combine Random Forest Ranking with BBHA for gene 
selection and use bagging to perform samples classification 
with selected genes. The proposed method is called RFR-
BBHA-Bagging. The detailed steps for RFR-BBHA-Bagging 
are as follows. 

Step 1: The genes in microarray data are ranked by 
applying Random Forest technique. 

Step 2: Best scored genes 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 with random 
positions in the search space. Each star represents a 
feasible solution i.e. a gene subset. 

Step 4: Evaluate the fitness value of each star according to 
the fitness value, which is the classification accuracy 
obtained by 10-fold cross validation Bagging. 

Step 5: The search for the global optimal solution is made 
by dynamically updating the stars in the population. 
The position 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: Step 4-5are repeated until the termination condition 
is reached. The features returning the best accuracy 
are eventually selected as the final optimal genes. 

Step 7: With the optimally selected genes, 10-fold cross 
validation Bagging performs sample classification.  

Input: training data sets 𝐷𝑁∗𝑃 and Number of trees (𝐵) 

For each variable 𝑖 ∈ 𝑃 do 

For 𝑏 = 1 to 𝐵: 

1. Draw a bootstrap sample 𝑍∗ of size 𝑁 from the training 
data.  

2. Grow a random-forest tree 𝑇𝑏 to the 2/3 of bootstrapped 
data. 

3. Predict classification of the leftover 1/3 using the tree, and 

calculate the misclassification rate = out of bag error rate 

(OOB), namely 𝑒𝑏. 
4. For variable i, permute the value of variable and compute 

the out-of-bag error (𝐸𝑏), subtract to the original oob error 

(𝑑𝑏 = 𝐸𝑏 − 𝑒𝑏), the increase is an indication of the 
variable’s importance. 

End for  

Aggregate total oob error rate from all trees and calculate 
variance. 

�̂� =
1

𝐵
∑ 𝑑𝑗

𝐵
𝑗=1    and  𝑆𝑑

2 =
1

𝐵−1
∑ (𝑑𝑗 − �̂�)2𝐵

𝑗=1  

    Calculate importance of variable 𝑖: 𝑣𝑖 =
�̂�

𝑠𝑑
 

End for  

 

           Fig. 2. The Random Forest Ranking algorithm 
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III. EXPERIMENTAL RESULTS 

 

To evaluate the effectiveness of our proposed method, the 

experiments are done on four open microarray data sets 

(Colon Tumor, Central Nervous System, Leukemia_4c, 

MLL), which are obtained from [17]. The detailed 

descriptions of four datasets are listed in Table I. 

The number of selected top genes by Random Forest 

Ranking for Colon Tumor is 100 and for remained datasets 

are 500. 

Table II shows the best and average accuracy of 10-fold 

cross validation (CV) with Bagging on some optimally 

selected gene subsets by the proposed method for 100 times. 

From Table II, the highest accuracy for Colon Tumor 

microarray is 93.33 and there is no increase in the 

classification accuracy when the number of selected genes 

reached 5 or more. For Central Nervous System microarray 

data set the highest accuracy is 90 by selecting only two 

genes from 7129 genes. When the number of selected genes 

reached 3 or more, classification accuracy does not increase. 

In Leukemia_4c microarray data set the highest accuracy is 

95.71. There is no increase in the classification accuracy if 

the number of selected genes reached 4 or more. It is 

possible to obtain 100% classification accuracy on MLL 

microarray data set with the selected optimal genes by the 

proposed approach. Table III shows the accuracies of 7 

classifiers without doing any gene selection on 4 microarray 

datasets. We used 10-fold cross validation to justify the 

performance of classifiers. For all datasets our proposed 

method outperformed all the classifiers with the least 

number of genes by considering the average classification 

accuracy. In order to make fair comparison, we used selected 

top genes by RFR as input for these 7 classifiers.   

Table IV shows the accuracies of 7 classifiers on selected 

top genes from 4 microarray datasets. For Colon Tumor 

microarray and Central Nervous System, our proposed 

method outperformed all the classifiers. 

For ALL-AML-4 microarray data set although the 

proposed method does not obtain the highest accuracy, 

slightly lower than Naive Bayes and Radial Basis Function 

Network, it requires the least number of genes.  

For MLL microarray except K-nearest neighbor our 

proposed method performs better than all classifiers with 

least number of genes. 

IV. CONCLUSION 

To obtain high classification accuracy with low redundant 

genes, a novel method called RFR-BBHA-Bagging was 

proposed in this study. In this method, BBHA combing with 

Random Forest Ranking is used to perform gene selection, 

and Bagging with 10-fold cross validation is used to perform 

samples classification. The experimental results on four 

open microarray data sets verified that the highest 

classification accuracy with the least number of genes was 

obtained by the proposed method. 
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Dataset # of Genes #of samples # of Class 

Colon Tumor 2000 62 2 

Central Nervous System 7129 60 2 

ALL-AML-4 7129 72 4 

MLL 12582 72 3 

Dataset 

# of 

selected 

genes 

Optimal selected genes 
Best 

Accuracy 

Average 

Accuracy 

Colon Tumor 3 249 ,1582, 1867 91.66 87.09 

 4 625, 726, 964, 1917 93.33 91.93 

 5 249, 765, 783, 1002, 1671 93.33 87.09 

 9 210, 493, 897, 1058, 1227, 1414, 1582, 1659,1671 93.33 85.48 

     

Central Nervous  System 2 612, 2474 90 86.66 

 2 612, 2474 90 86.66 

 6 2404, 2472, 4719, 4943, 5637, 6841 90 75 

     

ALL-AML-4 2 2642, 6236 94.28 93.05 

 3 2642, 5543, 6228 94.28 90.27 

 3 2545 ,2642, 4050 95.71 91.66 

     

MLL 5 11297, 8212, 12510, 5830,2656 100 98.61 

 5 215, 5580, 7106, 9972, 11297 98.57 97.22 

 8 318, 7354, 8428, 8585, 11802, 11893, 12204, 12430      98.57 97.22 

Dataset 
Naive 

Bayes 

Radial 

Basis 

Function 

Network 

𝐾-

nearest 

neighbor 

AdaboostM1 Bagging 
Random 

Forest 

alternating 

decision 

tree 

RFR-

BBHA- 

Bagging 

Colon Tumor (𝑘 = 6) 56.45 79.03 82.25 74.19 75.80 74.19 72.58 91.93 

Central Nervous System (𝑘 = 11) 61.66 71.66 61.66 63.33 71.66 61.66 75 86.66 

ALL-AML-4 (𝑘 = 1) 87.5 88.88 83.33 79.16 83.33 69.44 84.72 93.05 

MLL (𝑘 = 7) 95.83 93.05 91.66 86.11 93.05 84.72 87.5 98.61 

Dataset 
Naive 

Bayes 

Radial 

Basis 

Function 

Network 

K-

nearest 

neighbor 

AdaboostM1 Bagging 
Random 

Forest 

alternating 

decision 

tree 

RFR-

BBHA- 

Bagging 

Colon Tumor (𝑘 = 5) 83.87 83.87 87.09 87.09 83.87 80.64 77.41 91.93 

Central Nervous System (𝑘 = 5) 70 66.66 76.66 68.33 73.33 73.33 75 86.66 

ALL-AML-4 (𝑘 = 1) 94.44 95.83 93.05 79.16 90.27 90.27 88.88 93.05 

MLL (𝑘 = 2) 97.22 95.83 100 88.88 86.11 95.83 87.5 98.61 

 FOUR MICROARRAY DATASETS TABLE I. 

 THE AVERAGE ACCURACY OF PROPOSED METHOD AND 7 CLASSIFIER WITHOUT GENE SELECTION ON 4 DATASETS  TABLE III. 

 THE ACCURACY  AND SERIAL NUMBER WITH DIFFERENT GENE SUBSETS ON 4 DATASETS TABLE II. 

 THE AVERAGE ACCURACY OF PROPOSED METHOD AND 7 CLASSIFIER ON SELECTED TOP GENES BY RANDOM FOREST RANKING TABLE IV. 
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