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ABSTRACT: A modified  Artificial Bee Colony (ABC) metaheuristics optimization technique is 7 

applied for cancer classification, that reduces the classifier's prediction errors and allows for faster 8 

convergence by selecting informative genes. Cuckoo search (CS) algorithm was used in the onlooker 9 

bee phase (exploitation phase)of ABC to boost performance by maintaining the balance between 10 

exploration and exploitation of ABC.  Tuned the modified ABC algorithm by using Naïve Bayes (NB) 11 

classifiers to improve the further accuracy of the model. Independent Component Analysis (ICA) is 12 

used for dimensionality reduction. In the first step, the reduced dataset is optimized by using Modified 13 

ABC and after that, in the second step, the optimized dataset is used to train the NB classifier. Extensive 14 

experiments were performed for comprehensive comparative analysis of the proposed algorithm with 15 

well-known metaheuristic algorithms, namely Genetic Algorithm (GA) when used with the same 16 

framework for the classification of six high-dimensional cancer datasets. The comparison results 17 

showed that the proposed model with the CS algorithm achieves the highest performance as maximum 18 

classification accuracy with less count of selected genes. This shows the effectiveness of the proposed 19 

algorithm which is validated using ANOVA for cancer classification. 20 

 21 

Keywords: Artificial Bee Colony (ABC) Cuckoo Search  (CS); Genetic Algorithm (GA); Independent 22 

Component Analysis (ICA); Naïve Bayes (NB).  23 

1. INTRODUCTION  24 

 The expression levels of the gene in an organism play a discriminant role in clinical studies and the 25 

management of several diseases. Microarray technology is a powerful approach for genomic research 26 

that creates many analytical challenges for data scientists. Microarray technology uses sophisticated 27 

techniques of biomarkers to identify the expressed informative gene. The experimentation with reliable 28 

cancer biomarkers plays an important in the field of clinical diagnosis [1]. Classification and analysis 29 

of various genetically linked diseases are possible through Microarray technology, which is the most 30 

widely used tool in the prognosis of different types of cancer. Accurate prediction of cancer is 31 

significant in contributing to effective treatment for the patients. The cancer classification based on 32 

gene expression profiles has provided better transparency for the possible treatment strategies. 33 

Recently, because of the increase in data generation and storage, various big data applications gain 34 
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attention, which also increased interest in applying them to a wide range of biological problems [2, 3]. 35 

The identification of genes plays an important role in detecting cancer diseases and has an essential 36 

impact for microarray cancer prediction [4, 5]. Therefore dimension reduction followed by the 37 

classification acts as the major process for further analysis. However, there are difficulties in detecting 38 

cancer from microarray due to the presents of a large amount of gene expression levels in the human 39 

body [6, 7]. The input sets of features (genes) are the main factor that influences the quality of the 40 

performance of classification algorithms. If the features are relevant to the class labels, the classifier 41 

will be able to create a strong relationship between them. However, in most scenarios, the relevancy 42 

of features is often unknown and usually, the input data sets have issues such as irrelevancy and 43 

redundancy that are not useful during the knowledge discovery process. Thus, this can hinder the 44 

process of producing a positive classification. Machine learning techniques for data reduction require 45 

knowledge about relevant features and can substantially reduce the size of data for learning 46 

algorithms by reducing unnecessary and redundant features. In general, high-dimensional microarray 47 

data sets are difficult to interpret and data interpretation is very essential for the treatment of cancer 48 

patients. The initial studies of dimensionalities reduction problem, found that the best test error can be 49 

attained through a limited number of features (genes) that directly affect the accuracy rates [8, 9]. In a 50 

large feature space, it is common to have irrelevant and redundant genes concerning the class labels. 51 

Integrality constraints such as irrelevant and redundant features have the capacity to affect the 52 

classification performances. Therefore, this research study developed an approach for genes selection 53 

to counter all the mentioned drawbacks.  54 

Defining an optimal decision framework for gene selection is an essential but difficult task in the field 55 

of machine learning and medical science from microarray data because the characteristic of each data 56 

is different. Recently hybrid machine learning techniques gain popularity and by using suitable 57 

ccombinations effectively obtain a few relevant and informative genes (features) [8]. Various 58 

researches applied varieties of different data mining techniques with different combinations for the 59 

problem of identification of significant genes. Motivated by previous researchersnature-inspireded 60 

algorithms are more suitable to find optimal set of features from large and complex data of different 61 

domains. Techniques comprised of metaheuristic optimization have a broad range from the process of 62 

a local search to learning processes [10]. Nature inspired algorithm by conducting them over the search 63 

space there by bringing out its best capabilities able to obtain the best of best solutions.   64 

Othman et al., proposed a hybrid multi-objective cuckoo search with evolutionary operators for gene 65 

selection. The evolutionary operators used in this study were double mutation and single crossover 66 

operators. Proposed approach was tested on seven publicly available, high-dimensional cancer 67 

microarray data sets. The experimental results concluded that the proposed work outperformed cuckoo 68 
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search and multi-objective cuckoo search algorithms with a smaller number of selected significant 69 

genes [11].  70 

Rasmita Dash et al., proposed hybridized harmony search  optimization approach for feature selection 71 

in high dimensional data classification problem. Proposed technique select optimal minimum number 72 

of top ranked genes that provided good classification. The experental results on four well known 73 

microarray datasets showed that performance of proposed algorithms was better than other published 74 

algorithm for the same problem [12]. 75 

Hybrid approach is used to reduce  the computational time and to take the benefits of the different 76 

dimension reduction method [13, 14]. Hybrid approaches combine different feature selection and 77 

extraction method to reduce the dimension of the data. Different researchers applied different 78 

combination of algorithm according to the requirement of different data sets.  79 

Hameed et al., compared the performance of three well-known nature-inspired metaheuristic 80 

algorithms, namely binary particle swarm optimization (BPSO), genetic algorithm (GA) and cuckoo 81 

search algorithm (CS) with tewelve cancer data sets for gene selection and classification. In terms of 82 

accuracy, BPSO outscored GA and CS, according to the study. In comparison to GA and BPSO, CS 83 

was able to pick fewer attributable genes and was less computationally complex [15]. 84 

Some researchers created a classification framework and utilised it to categorise cancer gene 85 

expression patterns using various hybrid gene selection algorithms based on various nature-inspired 86 

metaheuristic methodologies, with better outcomes than single approaches. The work not only selected 87 

very few features but also reduced computational cost by using the collection of new techniques that 88 

produced good performance in classification. A comparison result expresses that the proposed hybrid 89 

approach have been successfully applied and excels with other existing methods in terms of accuracy.  90 

[16-18]. Therefore in this paper hybrid approach based on Nature Inspired Metaheuristics technique is 91 

proposed that can produce an optimal feature space with significant genes to improve the classification 92 

performance. 93 

Independent component analysis (ICA) method is used for finding underlying components (features) 94 

from multidimensional statistical data. The extracted components of ICA are statistically independent, 95 

this property distinguishes ICA from other methods [19]. Recently, ICA feature extraction method 96 

gain attention as effective genes reduction technique of microarray data for NB classifier [20, 21]. The 97 

embedded algorithm of the NB classifier based on conditional independence hypothesis, ICA 98 

technique resolved successfully this condition as the ICA extracted components (features) are 99 

statistically independent. The  major problem of ICA technique is how to obtained best subsets of 100 

features from the extracted genes that enhance the classification accuracy of NB classifier. One of the 101 

author of [22] used ICA extraction method with stepwise regression for feature selection on five 102 

https://www.sciencedirect.com/topics/computer-science/harmony-search
https://www.sciencedirect.com/topics/computer-science/data-classification
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benchmark microarray datasets and proposed approach demonstrated in improving the classification 103 

performance of NB classifier. In [23] Proposed a three level ensemble approach for cancer prediction 104 

and  classification. For gene selection firstly ensemble Fisher ratio and T-test after that optimize the 105 

gene with PSO-dICA method then classified five  cancer microarray data sets and found satisfactory 106 

results compare to other published results. In [24]  selected the  feature subset by using ICA  that 107 

extracted essential information and at the same time separated the noise as extracted features were an 108 

independent component. The results of data sets have shown the effectiveness and improvement of the 109 

proposed approach. In [25, 26]  the author used nature inspired metaheuristic techniques based wrapper 110 

methods with ICA and found ICA increase the classification accuracy of different classification 111 

algorithm for cancer microarray profile.  112 

Other than above nature inspired algorithm, cuckoo search algorithm is the most popular swarm 113 

intelligence algorithm, that is motivated by the egg-laying behavior of cuckoo birds. Recently, CS 114 

algorithm gain more popularity in feature selection [27],  multi-objectivetive optimization problem 115 

[28, 29], data clustering [30], disease detection [31], path planning [32] and soon. The literature have 116 

shown that the CS is an effective approach to solve numerous optimization problems of different 117 

domain. For different research problems CS algorithm has been widely used, but at the same time for 118 

complexity optimization problems CS still need some improvement on exploration face. On the other 119 

hand, ABC is widely used approach for finding best number of features for continuous optimization 120 

problems of microarray data [33-35]. ABC approach work with the help of three bees for finding best 121 

solution (food source) and gives more accurate results comparison to the other swarm based meta-122 

heuristic algorithm. In ABC technique, three types of bees manage the global search and local search 123 

procedure for finding best solution. The global search of ABC algorithm for finding a new solution is 124 

better in contrast to the other nature-inspired algorithms. Some authors, to  maintain the balance 125 

between local search and global search procedures, some improvements with different algorithms in 126 

the onlooker bee phase (local search) of ABC are proposed that improved the  performance of ABC 127 

[36].  128 

A. The objective of the paper 129 

 130 

 To improved the performance of  feature extraction technique (independent component 131 

analysis) by using  hybrid approach.  132 

 Proposed nature inspired hybrid algorithm for solving the existing gene selection process of 133 

microarray data based on a soft computing technique.  134 
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 Proposed novel framework of classification to increse the perfomance of the NB classifier 135 

algorithm by utilizing ICA with improved ABC algorithm.  136 

 137 

Fig.1.   The proposed framework. 138 

 139 

B. Paper Organization 140 

Thus, this article would like to focus on the nature inspired metaheuristic hybrid algorithm in solving 141 

the existing gene selection process of microarray data for accurate classification of cancer. The 142 

improved ABC algorithm is used to extract the optimal features from ICA feature vectors of microarray 143 

data in this research, after that compared the obtained results of proposed  framework with others 144 

recently published model of NB classifier. The remainder of this research paper is structured as 145 

follows, Section two, described the details of feature selection algorithm, Experimental setup is 146 

provided in Section three. While Section fourth discussed the experimental results and Section fifth 147 

presented the conclusion. Figure 1  shows the proposed framework.  148 

 149 

2. PROPOSED ALGORITHM 150 

2.1 ICA gene extraction method 151 

 152 
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ICA,  helps in obtaining hidden features from multi-dimensional information, by decomposing multi 153 

variate indications into independent nongaussian sections for the components to be statistically   154 

independent  [19, 37]. ICA finds correlation between data by decorrelating the   data by exploiting or 155 

diminishing the distinct in formation. In ICA algorithm all features X treated as a independent 156 

components S. If A signify the opposite matrix of a weighted matrix W, and columns  of A characterize 157 

the source feature  vectors  of comment X.  158 

 159 

                  S = W × X,                                         X = A × S 160 

 161 

ICA has been extensively utilized for biological information, recognitions and also applicable 162 

for other domain. More detailed of ICA extraction method can be found elsewhere [38, 39].  163 

 164 

2.2 ABC optimization method 165 

Recently nature inspired optimization algorithm ABC  is popular for genes selection problem of the 166 

microarray. The step of ABC approach is based on bees behavior for finding  best food source (gene 167 

subset). Most of the researchers for the problem of different domain used ABC approach for 168 

optimization of the solution. ABC technique work with three classes of bees i.e. employed bees, 169 

onlooker bees and scouts bees by using local search and global search techniques [7]. These three 170 

classes of bees convergence the problem and find the optimal solution with different effort in the 171 

different steps of algorithm. Details information about ABC can be seen in reference [33-35].  172 

 
173 

2.3 Cuckoo search Algorithm(CS)        174 

CS optimization algorithms is based on the reproduction behavior of cuckoo birds. Its developed  by 175 

using  Levy flight rather than the isotropic random walks with infinite variance and mean which cause 176 

much longer step from its current position [31]. Basically, the cuckoo lay one or several  eggs in other 177 

birds nests which aim to ensure the continuity of their generation by directing the host birds to their 178 

natural instinct of breed, hatch, and provide food to the baby cuckoos . Three idealized steps of CS are 179 

given below [28, 29]:  180 

I. A cuckoo lays one egg at a time and placed  its egg randomly chosen nest of other birds. 181 

II. The best nest with the high quality of (solutions) eggs will carry over to the next generations.  182 

III. The availability number of host nests is secured and the egg laid by the cuckoo is detected with 183 

the probability, Pa ϵ [1, 0]. While, the host bird either abandon the nest or throw the egg and 184 
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form a new nest. The final assumption can be estimated by the fraction Pa of  n nests are 185 

exchanged with new nests with randomized results. This might increase the survival and 186 

reproductive capacity of cuckoo birds, so compare to other algorithm exploitation process of 187 

CS algorithm is more efficient [40].  188 

2.3 Proposed Algorithm  189 

The searching process of the optimal solution in original ABC approach based on cycle that contains 190 

threephases [7].  191 

 Employed bees phase: employed bees search the food sources and  estimate their nectar amounts 192 

then sending the all information regarding the food sources to the onlookers.  193 

 Onlookers phase: the behavior of onlookers is different of employers, on the basis of received 194 

information onlooker make a decision by estimating the nectar amount of all food sources. 195 

 Scouts bee phase: determining the scout because the employed bee of an abandoned food source 196 

becomes a scout. Therefore, the employed and onlookers bees manage the exploitation process, on 197 

the otherhand scouts bees manage the exploration process in the searchspace.  198 

 199 

Fig.2. Illustration of the (CSABC) algorithm works. 200 
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For finding the optimal subset with ABC algorithm, appropriate equilibrium amongst exploration and 201 

exploitation is essential [7]. The exploration process of ABC algorithm for finding a new solution 202 

compare to the other nature expired algorithm  is good, but the exploitation process required more 203 

computational time for converge to the optimal solution [25, 41]. Therefore to decrease the 204 

computational time of exploitation process of ABC, the proposed algorithm used CS [42]. The CS 205 

algorithm has good exploitation process but it ability for searching optimal novel solution in search 206 

space  is not good compare to ABC algorithm [43, 44]. That is why the CS obtained the local optima 207 

too quickly and suffers from the preconvergence problem which is the main issue with CS algorithm 208 

[45]. Therefore, to maintain the balanced between exploitation and exploration process, CSABC 209 

algorithm uses combination of ABC and CS algorithms. In proposed algorithm, CS algorithm is 210 

adopted in the onlooker bee phase as an exploitation process to find the best optimal solution with less 211 

computational time by improving the formation sharing between onlooker and employee bees. 212 

Furthermore, the idea of using ABC for gene selection with a CS algorithm based on researches [46]. 213 

Therefore, the proposed approach uses a combination of nature-inspired metaheuristic algorithms,  to 214 

reduced disadvantages of the ABC approach such as preconvergence and computational time by 215 

maintaining balanced between exploration and exploitation. Figure 2 shows how CSABC works. The 216 

code of the CSABC approach is shown in below. 217 

Algorithm for dimensionality  reduction  218 

Feature extraction  by ICA extraction  method  219 

1. Firstly reduced the size of microarray dataset with ICA algorithm.  220 

Optimizition of ICA feature vector with (CSABC) algorithm 221 

Next CSABC algorithm is applied for finding the best genes set from the ICA feature vector for NB 222 

classification.   A main issue  related with ICA is, it normally extracted number of features are equal 223 

to the sample size (m), therefore again 2m genes sets exist [47]. 224 

 225 

       Pseudo code of CSABC algorithm: 226 

1. Initialize the population of solutions  xi   ∀i,   i = 1,2,..., d. 227 

2. Evaluate the population  xi    ∀i,   i = 1,2,..., n. 228 

3. For cycle = 1 to maximum cycle number MCN do 229 

4. Produce and evaluate new solutions from the employed bees by using greedy selection process. 230 

5. Calculate the probability values pa for the solutions xi by  231 

using CS algorithm in onlooker bees. 232 

 233 

i. Evaluate its quality/ fitness xi   234 

ii. Choose a nest among n (say j) randomly if (xi > xj) 235 

iii.  ith the new solution  236 
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iv. end if  237 

v. A fraction (pa) of worse nests are abandoned and new are built;  238 

vi. Keep the nests with best quality solutions;  239 

vii. Rank the solution and find the current best;  240 

viii. end while 241 

 242 

6. Replace the abandoned solutions with a new one randomly produced xj  by using scout bees. 243 

7. Memorize the best solution achieved so far. 244 

8. cycle = cycle + 1 245 

9. until cycle = MCN  246 

 247 

 Return a best solution (important and relevant genes for prediction). 248 

 Train the NB algorithm with best obtained features. 249 

 Classify test set with selected features by using NB classifier. 250 

 Return the classification accuracy. 251 

 252 

2.4 NB Classifier  253 

  NB is famous supervised learning technique in the field of machine learning,  it  is widely  used  254 

by  many researchers  to  classify  the objects into 2 or more classes by means of using Bayes theorem 255 

[48, 49].  It is used widely, when the input variable continuous and independent then the parameters  256 

are estimated  by  the  Bayes rule, so  that  the  probability  of  output  variable  is exactly predicted. If 257 

E1, E2,. . ., En.  are the selected genes from any sample of H,  Naïve Bayes classifier classified the 258 

samples by using below formula with Bayes theorem as a Naïve  Bayes classifier[38, 50]:     259 

                                    260 





n

i
i

H
H|EfHPargH'                          

1

)()(max


 261 

   262 

Because features of microarray are continuous so for the calculation of class-conditional probability, 263 

)H|. (f ,  probability density function with nonparametric kernel density estimation method, for each 264 

attributes is used  and )H (P is the prior probability of the particular class.  265 

 266 

 267 

3. EXPERIMENTAL SETUP 268 

To evaluate the performance of the proposed approach in this research used six  benchmark microarray 269 

cancer datasets. In this paper, used six cancer benchmark data sets of  gene expression, namely; Colon 270 

cancer (Alon et al., 1999), Acute leukemia (Golub et al., 1999), Prostate cancer (Singh et al., 2002), 271 
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Lung cancer-II (Gordon et al., 2002), High-grade Glioma data (Nutt et al., 2003) of binary 272 

classification and Leukemia 2 (Armstrong et al., 2002) of multi classification. These datasets, 273 

downloaded from Kent ridge; an online repository of high-dimensional biomedical datasets 274 

(http://datam.i2r.astar.edu.sg/datasets/krbd/index.html). Table 1 shows the full detail and properties of 275 

these six datasets.  276 

 277 

Table 1 – Detail of six cancer microarray data.  278 

Data set 
No. of 

classes 

No. of 

genes 

Class 

balance +/- 

No. of 

samples 
Short description 

Colon cancer [51], 2 2000 (22\40) 62 

Colon cancer data obtained from patients with 

colon cancer tumor biopsies indicating negative 

tumors and regular positive biopsies come from 

healthy areas of the colon of the same patients. 

Acute leukemia [52], 2 7129 (47\25) 72 

Acute Lukemia conation two classes class 1 is the 

Acute Myeloid Leukemia (AML) with 47 samples 

and class 2 is Lymphoblastic Leukemia (ALL) 

with 25.  

Prostate tumor [53] 2 12600 (50\52) 102 

Prostate tumor data collected two class of samples, 

non-tumor (normal) prostate samples and tumor 

samples (cancer) . 

High-grade Glioma  

[54] 
2 12625 (28\22) 50 

Glioblastomas and anaplastic oligodendrogliomas 

of brain tumor samples are contain in High-grade 

Glioma   

Lung cancer II [55] 2 12533 (31\150) 181 

Tissue samples of Malignant Pleural 

Mesothelioma (MPM) and Adenocarcinoma 

(ADCA) of the lung collected in Lung cancer II. 

Leukemia 2 [56] 3 7129 (28\24\20) 72 
Lukemia 2 data set contain three class 28 AML 

samples, 24 ALL samples, and 20 MLL samples. 

  279 

 NB classifier uses either kernel density estimation or Gaussian distribution estimation for data 280 

classification according to the nature of the data. Since microarray data contain continuous feature, in 281 

this paper kernel density approximation is applied with NB classifier [57, 58]. The performance of the 282 

proposed approach was examined with  two parameters classification accuracy of NB classifier and 283 

smallest number of obtained  genes and the for all six datatsets. Classification accuracy  of the NB 284 

classifier is evaluated by the below formula:  285 

 286 

 287 100 × 
N

CC
 =Accuracy  tionClassifica
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Where, CC means correct classified samplesand  N is the total number of samples in  the respective 288 

class. For finiding unbiased results, In this paper implemented Leave One Out Cross Validation 289 

(LOOCV) method [59]. To facilitates examination of proposed approach, repeated these experiments 290 

with LOOCV at several time. Three other features selection method are also consider for comparing 291 

the results of proposed algorithm with the same parameter. The parameters of CS and ABC are adopted 292 

with the help of several research paper. For purpose of fair comparison, the same top-ranked genes 293 

were chosen for all gene selection method. Experiments were performed for ICA extracted genes in 294 

each datasets. To evaluate the performance of the proposed approach in this research all experimental 295 

work on preprocessing the datasets has been done using MATLAB 2016b. Moreover, we used python-296 

based tool for feature selection and classification. The experiments were conducted on a desktop 297 

computer running 64-bit Windows 10 with an Intel(R) Core (TM) i7-3770 CPU at 3.40GHz and 8GB 298 

of RAM.  The code of ICA algorithm as the FastICA package, ABC algorithm and CS algorithm are 299 

freely available on internet.  300 

3.1 Parameter setting and fitness function of proposed algorithm: 301 

Recently some of the researchers used  Genetic Bee Colony (GBC) approach for selection of features 302 

and found better result compared to original ABC [36]. Genetic Bee Colony (GBC) technique is a 303 

combination ABC and Genetic Algorithm (GA)  algorithm. GBC is a novel technique, purpose of GBC 304 

techniques is to find best subsets of gene for improving the accuracy of different classification 305 

algorithm. Therefore, for the sake of a fair comparison, the result of the proposed approach compared 306 

with the GBC based hybrid algorithm called  (ICA+GBC) with the same classifier. The parameters of 307 

proposed approach (ICA+CSABC) and  (ICA+GBC) approach that was used in our experiments are 308 

given in below tables.  For purpose of fair comparison, the same top-ranked genes were chosen for all 309 

gene selection method. Experiments were performed for ICA extracted genes in each datasets.  310 

 311 

Parameter setting of proposed algorithm                        Parameter setting of (ICA+GBC) algorithm 312 

 313 

PARAMETER VALUE  PARAMETER VALUE 

    
Colony size  

80 
 

Colony size  80 
 

 Max cycle 100 Max cycle 100 
Number of runs  30 runs Number of runs  30 runs 𝐿𝑒𝑣𝑦 (𝑠, λ )    𝑠−λ ,1<λ <≤ 3 𝛼 𝑆𝑡𝑒𝑝 𝑠𝑖𝑧𝑒 1.0 𝑃𝑎𝑚𝑖𝑛  0.3 𝑀𝑢𝑡𝑎𝑡𝑖𝑜𝑛 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 0.02 𝑃𝑎𝑚𝑎𝑥  0.5 𝐶𝑟𝑜𝑠𝑠𝑜𝑣𝑒𝑟 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 o.75 

Limit  5 iterations Limit  5 iterations 

 314 
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Evaluating New Solutions and Levy Flight: CSABC based feature selection approach find the new 315 

optimal solutions with random cuckoo by modifying the parameters using Lévy flight with below 316 

equation. 317 𝑥𝑖𝑡+1 =  𝑥𝑖𝑡 + 𝐶 ∗ 𝐿𝑒𝑣𝑦 (𝑠, λ) 318 

 319 

Levy walk generates some new solutions around the obtained best solutions, will accelerate the local 320 

search functionality. Here, 𝐶 has been set to 0.85 from experience. Next evaluate its quality with fitness 321 

function of algorithm. Fitness function of proposed approach is evaluated by classification accuracy 322 

of NB classifier. If the current fitness value is better than the previous one, then skip the previous 323 

result, and moves to the current; else it retains the previous solution. Finally, the fitness solution with 324 

highest value is returned for best predictive gene subset. The fitness function (fit) is defined as follows: 325 

Fitness (f) = Accuracy (f) 326 

 327 

 328 

Accuracy (fit): Testing data (𝑓) classifier accuracy. 329 

Parameter Pa: It represents the probability of discovery of an egg. The Pa value is modified 330 

dynamically in modified cuckoo search using below equation. 331 

 332 𝑃𝑎 = 𝑃𝑎𝑚𝑎𝑥 − 𝑃𝑎𝑚𝑎𝑥 −  𝑃𝑎min  𝑖𝑡𝑒𝑟𝑚𝑎𝑥 × 𝑖𝑡𝑒𝑟 333 

 334 𝑃𝑎𝑚𝑎𝑥  and  𝑃𝑎𝑚𝑖𝑛  is set 0.5 and 0.3 respectively. 335 

 336 

4. EXPERIMENTAL RESULTS AND DISCUSSIONS 337 

Table 2 to 7 shows the LOOCV classification accuracy  of NB classifiers with different  338 

(ICA+CSABC) and (ICA+GBC) approached for above explained  six microarray datasets. The best 339 

results of all data sets (smallest selected gene size and highest classification accuracy) are highlighted 340 

using bold font. Figures  3 (a-d) to 5 (a-d),  illustrates the output of the proposed work in the term of 341 

AUC curve on six datasets with different threshold, for best subsets genes found by (ICA+CSABC) 342 

and (ICA+GBC) approach [60]. From figure 3 (a-d) to 5(a-d) and tables 2-7  gives following results. 343 

 344 

 345 
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Table 2 Classification  results of  ICA-CSABC and (ICA+GBC)  algorithms NB algorithm for Colon dataset. 346 

No. of 

genes 

Classification accuracy (CA) 

(ICA+CSABC) algorithm (ICA+GBC) algorithm 

Best Mean Worst Best Mean Worst 

4 93.56 85.44 79.6 85.71 79.74 75.07 

8 95.71 89.15 83.76 87.61 81.85 79.86 

12 99.13 92.31 88.07 93.95 83.93 83.9 

16 97.35 90.07 84.96 96.51 91.85 86.93 

20 96.41 88.96 82.71 93.63 88.11 84.93 

24 95.17 86.33 79.56 91.98 85.52 82.06 

28 93.63 82.45 74.75 90.06 82.08 79.18 

 347 

Regarding colon dataset classification accuracy of test data with the proposed approach achieved 348 

99.13%, 92.31% and 88.07%, best mean and worst respectively which defeated (ICA+GBC ) with best 349 

mean and worst by 2.62%, 0.46% and 1.14%, respectively. The best ROC with proposed approach was 350 

obtained 96.36 with 12 gene where as ROC value with ICA+GBC was 95.66 with 16 genes  for Colon 351 

data , which shows that the proposed approach has a discrimination capability between two classes.  352 

 353 

 354 

 355 
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Fig. 3 (a-d Obtained ROC of (ICA+CSABC) and (ICA+GBC) approach  with best number of genes of  NB classifier of 356 

Colon (a-b) and Acute Lukemia (c-d) dataset. 357 

Based on the results of test data of Lekumia, the proposed approach obtained 95.24%  on an average 358 

classification accuracy which is best compared to ICA+GBC and the other hybrid method that used in 359 

this experiment. On the other hand the proposed approach obtained  9 important and predictive gene 360 

from 72 extracted genes of ICA, which is smallest number of gene compare to obtained genes by the 361 

other competitor approaches. 362 

 363 

Table 3 Classification  results of  ICA-CSABC and (ICA+GBC)  algorithms NB algorithm Acute Leukemia dataset. 364 

 365 

No. of 

genes 

Classification accuracy (CA) 

(ICA+CSABC) algorithm (ICA+GBC) algorithm 

Best Mean Worst Best Mean Worst 

3 90.71 81.03 77.21 89.36 80 71.51 

6 94.01 86.06 80.02 91.26 83.54 74.21 

9 98.97 95.24 89.14 92.52 86.16 79.88 

12 97.27 93.84 87.34 98.41 93.11 87.65 

15 95.05 90.75 81.53 95.51 89.51 84.45 

18 92.66 86.74 79.15 91.63 86.5 80.05 

21 88.45 82.71 75.07 89.8 81.56 76.3 

24 86.77 80.35 73.22 86.22 79.47 71.21 

27 84.71 78.83 71.38 81.42 76.65 69.11 

 366 

The experimental table 4 and table 8 for prostate data depicted that  proposed approach provides 100% 367 

best classification accuracy that showed improvement over ICA+GBC, ICA+ABC, ICA+GA, and 368 

ICA+PSO  respectively for the NB classifier. The AUC value of prostate data found 98.96 with 369 

proposed approach for 12 genes.  370 

 371 

Table 4 Classification  results of  ICA-CSABC and (ICA+GBC)  algorithms NB algorithm for Prostate tumor dataset. 372 

 373 

No. of 

genes 

Classification accuracy (CA) 

(ICA+CSABC) algorithm (ICA+GBC) algorithm 

Best Mean Worst Best Mean Worst 

4 87.26 79.93 73.97 81.55 73.2 63.65 

8 94.62 85.85 75.88 86.34 76.64 65.75 

12 100 89.25 80.92 91.43 80.53 68.43 

16 98.39 87.65 79.52 98.44 89.03 78.43 

20 94.53 86.07 78.97 95.33 86.64 76.76 
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24 92.67 82.93 75.96 93.44 83.22 71.8 

28 91.15 81.77 74.22 91.56 81.07 69.38 

32 90.83 80.57 72.34 89.28 79.34 68.2 

36 88.76 78.37 71.35 86.75 77.21 66.47 

40 86.95 76.96 69.16 85.05 75.01 63.77 

44 85.14 74.98 67.3 82.34 72.36 61.19 

48 84.28 73.11 65.75 81.64 71.57 60.3 

 374 

 375 

Fig. 4 (a-d). Obtained ROC of (ICA+CSABC) and (ICA+GBC) approach  with best number of genes of  NB classifier of 376 

Prostate cancer (a-b) and High-grade Glioma (c-d) dataset. 377 

 378 

For the High-grade Glioma dataset,  the best training and testing classification accuracy with all ICA 379 

features was 87.88% and70.55%, while with the CSABC wrapper method with NB classifier increases 380 

training and testing accuracy 98.11% and 96.82% respectively. Therefore, CSABC become a 381 

commanding optimization technique for obtaining best feature with ICA for Naïve Bayes classifier.  382 
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Table 5 Classification  results of  ICA-CSABC and (ICA+GBC)  algorithms NB algorithm for High-grade Glioma dataset. 383 

No. of 

genes 

Classification accuracy (CA) 

(ICA+CSABC) algorithm (ICA+GBC) algorithm 

Best Mean Worst Best Mean Worst 

3 91.82 85.13 77.24 88.94 80.84 71.55 

6 93.11 86.91 79.51 92.11 85.67 78.04 

9 97.20 90.70 83.71 96.41 89.10 80.60 

12 94.15 88.68 82.02 90.27 85.28 79.09 

15 90.42 85.77 79.93 88.70 82.86 75.83 

18 88.56 83.14 76.52 86.55 80.88 74.01 

21 87.64 81.39 73.94 85.12 79.40 72.49 

24 86.44 79.69 71.74 82.72 78.04 72.16 

 384 

With respect to the test dataset of Lung cancer II dataset , proposed approach obtained best 385 

classification accuracy 93.45%, that indicates proposed approach applicable to classify all most all 386 

samples in their defined classes. Secondly,  proposed approach obtained  24 features from  181 387 

extracted features of ICA, which is low compare to other applied approaches.  388 

 389 

Table 6 Classification  results of  ICA-CSABC and (ICA+GBC)  algorithms NB algorithm for Lung cancer II dataset. 390 

 391 

No. of 

genes 

Classification accuracy (CA) 

(ICA+CSABC) algorithm (ICA+GBC) algorithm 

Best Mean Worst Best Mean Worst 

4 82.38 77.87 72.17 80.52 75.24 68.76 

8 85.17 79.71 73.06 82.38 77.59 71.6 

12 86.16 80.49 73.63 86.37 80.53 73.49 

16 86.95 81.94 75.73 88.84 82.88 75.73 

20 91.33 85.9 79.28 92.99 86.42 78.69 

24 93.45 88.22 81.28 89.64 83.83 76.82 

28 91.54 85.74 78.74 87.89 82.12 75.16 

32 90.06 84.16 77.06 86.62 80.61 73.4 

36 88.64 82.21 74.58 85.73 79.16 71.39 

40 88.2 80.78 72.17 84.2 77.87 70.34 

44 87.58 80.1 71.42 81.98 75.95 68.73 

48 86.73 79.22 70.52 81.39 74.43 66.27 

 392 

In the case of multiclass classification of Lukemia 2 dataset, the proposed approach obtained slightly 393 

lower classification accuracy compare to ICA+GBC but better classification accuracy compare to other 394 
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three method (table 8). But it gives an advantage for obtaining the smallest number of informative and 395 

predictive genes, for the NB classifier its obtained 15 genes for the highest classification accuracy 396 

which is low compared with 18 obtained genes by the ICA+GBC method. 397 

 398 

 399 

Fig. 5 (a-d). Obtained ROC of (ICA+CSABC) and (ICA+GBC) approach  with best number of genesof  NB classifier of 400 

Lung cancer II dataset (a-b) and  ROC of (ICA+CSABC) and (ICA+GBC) approach with best  genes sets of 401 

NB classifier of Leukemia 2  dataset (c-d). 402 

 403 

Table 7 Classification  results of  ICA-CSABC and (ICA+GBC)  algorithms NB algorithm for Leukemia 2 dataset. 404 

 405 

No. of 

genes 

Classification accuracy (CA) 

(ICA+CSABC) algorithm (ICA+GBC) algorithm 

Best Mean Worst Best Mean Worst 

3 88.38 85.47 81.36 88.33 83.17 76.48 

6 90.07 87.93 84.6 89.05 84.64 79.03 

9 93.92 90.24 85.37 90.05 87.61 83.98 
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 406 

 407 

 408 

The proposed technique had effectively performance. Its proved from the experimental results,  409 

these outputs were stable and improved compared to the  output acquired from the previous 410 

experiment. In summary, the proposed technique reached on average 93% for all datasets in terms of 411 

classification accuracy which highlight the strength of the proposed technique. Therefore, the 412 

experimental result proved, compare to ICA+GBC and other three hybrid methods, the proposed 413 

approach has a more significant ability for classifying different samples in their correct classes with 414 

NB classifier.   415 

Table 8 displays the ICA+CSABC comparative results with four papular features selection approach 416 

over six cancer datasets with the same framework. Experimental results revealed that the ICA+CSABC 417 

approach obtained the highest best classification accuracy (97.70 percent) of the six cancer datasets, 418 

on the other hand best classification  accuracy of the other methods was 96.73 percent, 95.98 percent, 419 

94.42 percent and 92.94 percent for ICA+GBC, ICA+ABC, ICA+GA,  and ICA+PSO respectively. 420 

This means that the ICA+CSABC algorithm has made the NB classification output more reliable and 421 

accurate. The ICA+CSABC algorithm also obtained the smallest number of optimal genes set that 422 

contain average (13.50) genes and smallest number of optimal genes set was 14.67, 15.83, 23.67 and 423 

29.17 for ICA+GBC, ICA+ABC, ICA+GA and ICA+PSO. Such findings of the assessment indicate 424 

that ICA+CSABC is a promising technique for resolving the problems of dimension reduction and 425 

microarray data classification. 426 

Table 8 The classification accuracy of NB algorithm with some  nature inspired algorithm when combined with ICA of six 427 

cancer microarray datasets.  428 

 429 

Applied approach 

Colon 

cancer 

 

Acute 

leukemia 

 

Prostate 

tumor 

 

High-

grade 

Glioma 

 

Lung 

cancer II 

Leukemia2 

data 

ICA+PSO 91.17(20) 95.11(19) 93.31(32) 91.22(23) 89.72(41) 97.22 (40) 

12 95.03 91.19 86.15 94.92 91.08 86.04 

15 97.64 93.38 87.93 98.42 94.57 89.53 

18 95.93 92.45 87.69 96.72 91.8 85.69 

21 92.92 89.52 84.92 94.92 89.9 83.69 

24 88.92 88.08 86.05 93.49 88.31 81.93 

27 87.05 85.2 82.15 90.68 86.06 80.25 

30 86.04 83.09 78.94 89.76 84.99 79.03 
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ICA+GA 93.18(18) 96.58(17) 95.32(27) 95.33(18) 91.84(27) 94.33 (35) 

ICA+CS 92.99(21) 97.02 (14) 94.88 (14) 93.91 (18) 95.76 (25) 94.71 (29) 

ICA+ABC 98.14(16) 98.08(12) 97.08(16) 94.22(12) 91.05(24) 97.33(15) 

(ICA+GBC) 96.51(16) 98.41(12) 98.44(16) 96.41(09) 92.99(20) 98.42 (18) 

(ICA+CSABC) 99.13(12) 98.97(09) 100(12) 97.20(09) 93.96(24) 97.64(15) 

 430 

 431 

Fig. 6. Average accuracy rate in  six cancer microarray datasets with NB classifier by different features selection approach. 432 

 433 

From the figure 6 the positive outcome with the highest classification accuracy of NB classifier with 434 

features obtained by CSABC from ICA feature vectors clearly visible. This is notsurprising because 435 

the ICA technique has the ability to resolve the  classification criteria of NB classifier.  436 

 437 

For The comparision of  above five feature selection techniques,  a statistical hypothesis test ANOVA 438 

was applied with  = 0.05 to determine whether there exists a significant difference between them or 439 

not. The different approach  shown in figure 8 by the name ICA+PSO, ICA+GA, ICA+GBC, 440 
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ICA+ABC and ICA+CSABC, are selected as group 1 to 5 respectively in the study. ANOVA tests the 441 

hypothesis with H0   and H1. 442 

H0: α1 = α2 = ... = α5 (all group means are equal) 443 

H1: not all group means are equal. 444 

In the figure 8 the blue shaded line show the comparison interval for (ICA+CSABC) group mean.  445 

Gray line shown the comparison intervals for (ICA+GBC) and (ICA+ABC) and the red line shown the  446 

shown comparison interval of (ICA+PSO) and (ICA+GA). The comparison interval (ICA+GBC) and 447 

(ICA+ABC) overlap and comparison interval (ICA+GA) and (ICA+PSO) does not overlaps with the 448 

comparison interval (ICA+CSABC) group mean. Therefore, the group means (ICA+GBC) and 449 

(ICA+ABC) are not significantly different but the group means (ICA+GA) and (ICA+PSO)  are 450 

significantly different from (ICA+CSABC) group mean.  451 

 452 

Fig. 8. The comparision of  proposed approach over four different approach with Anova analysis. The red line   show the 453 

mean significately different from ICA+CSABC algorithm with  = 0.05. The comparision of   454 

For further comparisons, the proposed algorithm employed with SVM classifier, because SVM is the 455 

best and widely used classifier for microarray data classification as it is less sensitive over the high 456 

dimension[61-63]. Since microarray data is a type of  non linear classification problem, therefore 457 

employed SVM with polynomial kernel, all other parameter of SVM are used on the basis of the 458 

research with LOOCV process. Firstly applied ICA technique for feature extraction in the second 459 

improved ABC (CSABC)  applied to optimize ICA extracted feature with SVM classifier and lastly 460 

analyze the classification accuracy.  461 
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Table 9 The comparision result of NB and SVM classifier with proposed approach.  462 

Datasets 

NB Classifier SVM Classifier 

Mean Classification 

Accuracy 

Number of 

selected genes 

Mean Classification 

Accuracy 

Number of 

selected genes 

Colon cancer data 92.12 12 92.11 11 

Acute leukemia data 93.35 09 92.45 12 

Prostate tumor data 89.14 12 82.23 14 

High-grade Glioma data  90.32 09 89.22 10 

Lung cancer II data 87.71 24 90.34 20 

Leukemia 2 data 93.67 15 92.33 12 

 463 

Table 9 and figure 9 summarizes the classification accuracy and error rate of NB and SVM with 464 

proposed approach by using LOOCV iterations for the same parameter settings (CSABC) algorithms. 465 

We can easily see from the table 9 SVM with proposed approach aslo produced good classification 466 

accuracy which is little bit less or equal to the classification accuracy of NB classifier for Colon, Acute, 467 

Prostate, High grate Glioma data and Leukemia 2 datasets. For Colon data set both the classifiers gives 468 

same classification accuracy with different number of selected genes. On the other hand for Acute, 469 

Prostate and High grate Glioma datasets SVM achived less bit more error rate compare to NB classifier 470 

(figure 9).  While for Lung cancer II data, SVM achived mean accuracy rate 90.34% 20 genes which 471 

is greater then NB classification rate. The error rate of the SVM and NB in classifying Lekumia 2 data 472 

were 7.67% with 12 genes and 6.33% with 15 genes, respectively, so in the term of classification 473 

accuracy NB classifier is best but the SVM classifier is the best in the term of selected genes for 474 

Lekumia 2 data. 475 

 476 

 477 

Fig. 9. Comparision of average error rate of  NB and SVM classifiers with proposed feature selection algorithm for all six 478 

datasets. 479 
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 480 

 481 

Fig. 10. Variation  of genes for SVM (Blue)and NB(Red) classifier on six datasets with proposed algorithm. 482 

 483 

Figure 10 show smallest number of genes that give best performance of NB classifier,  blue and red 484 

line show the best number of genes for SVM and NB  classifier respectively with all six datasets. The 485 

number of obtained genes able to show that the number of important and relevant genes in the cancer 486 

microarray data is lesser than 50% of the ICA extracted genes. It can be seen from figure 10, for Colon 487 

cancer data out of 62 ICA vectors proposed approach choose only 12 gene for best classification 488 

accuracy that show 19.35% of genes were relevant and important for classification. Thus, 80.65% 489 

genes are non relevant to disease and cause noise in order to make a good classification model. For 490 

other datasets 12.50% of Acute, 11.70% of Prostate, 18.40% of High grade,  13.25% of Lung -II and 491 

20.08% of Lukemia 2 data of ICA feature vector  are important for NB classification. Similar result in 492 

the term of selected genes found with SVM classifier for all datasets, for Colon and Leukemia 2 data 493 

SVM selected 10 and 15 genes which is less compare to NB classifier. For Acute,  Prostat and Lung 494 

cancer II data SVM selected 12, 14 and 24 genes respectively which is slightly more then NB classifier.  495 

Therefore, proposed algorithm identify the important and relevant genes that constructed the best 496 

classification model for both the classifiers. The selected number of genes for Lung cancer II data both 497 

the classifier required little bit more gene compare to other datasets because every dataset has its own 498 

different characteristics. 499 

 500 
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5. CONCLUSION 501 

This paper proposes, novel metahuristic hybreid approach by combining the ICA and advantages of 502 

cuckoo search and ABC based feature optimization apprproach with NB classifier for  cancer 503 

Classification. This method was successes fully reduced the misclassification errors during the 504 

classification process on six cancer microarray data. Experimental results show the superiority of the 505 

proposed approach in the term of classification accuracy with two factors,  best obtained less number 506 

of genes set and best AUC score for unbiased accuracy. Therefore,  metaheuristic nature-inspired 507 

algorithms act as a strong tool in solving microarray cancer data classification problems. 508 

In the future work, incorporating more than one classifier with proposed feature selection techniques 509 

to enhance the classification accuracy of the proposed work and to examine the selective classifier 510 

mode. 511 

 512 
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