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 Nowadays cancer is one of the most dreadful diseases, which causes a substantial death 

rate in humans. Cancer is characteristic by an irregular, uncontrollable growth that may 

demolish and attack nearest healthy body tissues or somewhere else in the body. 
Microarray based gene expression profiling has been come out as an efficient technique 

for cancer classification, analysis, prognosis and for treatment purposes. Recently, 

DNA microarray technique has got more attention in both scientific and in industrial 
fields. It showed great importance in deceiving the informative genes that can cause the 

cancer. This led to improvements in early on cancer diagnosis and in giving effective 

treatment. The multicategory cancer classification plays an important role in the field of 
medical sciences. As the numbers of cancer victims are increasing gradually, the 

requirement of the cancer classification system will become a necessary one. For the 

above impenetrability and to obtain better consequences of the system with accuracy a 
combination of Integer-Coded Genetic Algorithm (ICGA) and a Hybrid Particle Swarm 

Optimization with Artificial Bee Colony (HPSABC) model is proposed. HPSABC 

algorithm is a combination of Particle Swarm Algorithm (PSO) and Artificial Bee 
Colony (ABC) Algorithm. The approach is mainly used to find the optimal gene 

selection that should be assigned in order to attain maximum cost effectiveness.  This 

HPSABC algorithm is coupled with an extreme learning machine based on hybrid 
kernel function (HKELM), is used for gene selection and cancer classification. ICGA is 

used with HPSABC- HKELM to select an optimal set of genes, which is then used to 

build a classifier to develop an algorithm (ICGA_ HPSABC_ HKELM) that can handle 
sparse data and sample imbalance data. The performance of the proposed algorithm is 

evaluated and compares the results with existing methods in the literature. 
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INTRODUCTION 
 

 At the moment, analysis of gene expression data is one of the major topics in health informatics for the 

diagnosis of cancer and other diseases, which are generally activated through changes in the expression values of 

certain genes. Researchers were capable to carry out these genetic analyses only on few genes at a time. Now 

with the development of DNA microarray technology, it is viable to examine, analyze and compare the 

expression profiles of thousands of genes concurrently (PrakashSingh and Gaurav Arvind, 2012). This 

Microarray data has been broadly used for cancer classification, to classify and predict the group of a sample by 

its gene expression profile. However owing to a large number of gene dataset, gene expression microarray data 

faces a crucial challenge for accurate classification of diseases (Inza et al, 2004; Li et al, 2004). So for the 

problem of cancer classification, it is needed to identify the significant genes that are a fine subset of original 

features, where a good subset is subset of features on which the accuracy of a given classifier is maximal. For 

evaluating the features of subsets, the feature selection methods are classified into two broad types, they are the 

filter approach and the wrapper approach (Ramaswamy et al, 2001). In the filter approach, a good feature set is 

preferred as a result of pre-processing based on properties of the data itself and self-governing of the 

classification algorithm. The wrapper approach have need of one determined mining algorithm in feature 

selection and makes use of its performance to assess and found which features are selected. A definite 

classification representation is used for the evaluation of subset of features. Wrapper methods are extremely 

concentrated and have higher possibility of overfitting ((Ramaswamy et al, 2001). Therefore the filter model is 

used widely in gene selection for microarray data. Though, owing to the curse of dimensionality problem of 

microarray data, filter approaches also faces essential challenges, for selecting the most informative genes. 
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 In this paper, a better gene selection and cancer classification technique is proposed for microarray data that 

is described by sample sparseness and imbalance. The microarray data includes several classes of cancers that 

are classified continuously as different to the existing traditional classification methods, where one class is 

exposed next to all the other classes. Initially preprocessing process is carried out to remove redundant subset of 

genes then an Integer-Coded Genetic Algorithm (ICGA) (Saras Saraswathi et al, 2011) is used for strong and 

healthy gene selection. Next, propose a Hybrid Particle Swarm Optimization with Artificial Bee Colony 

(HPSABC) model combined with extreme learning machine based on hybrid kernel function (HKELM), for 

managing the sparse/imbalanced data to reduce the classification problem. 

 

MATERIALS AND METHODS 

 

Overview of HPSABC Classifier: 

 The proposed hybrid approach formation is explained as follows 

 

i. Particle Swarm Optimization: 

PSO was developed by Kennedy and Eberhart (1995). PSO algorithm is motivated by the social behavior of a 

collection of migrating birds trying to arrive an unknown destination. In PSO, each solution is a „bird‟ in the 

flock and is known to as a „particle‟. A particle is equivalent to a chromosome (population member) in (Al-

Tabtabai and Alex, 1999). Unlike GAs, the evolutionary process in the PSO does not produce new birds from 

parent ones. Instead, the birds in the population only evolve their social behavior and as a result their movement 

towards a destination (Shi and Eberhart, 1998). The process is initiated with a collection of random particles 

(solutions), N. The ith particle is denoted by its position as a point in S-dimensional space, where S denotes the 

number of variables.  

 

ii. Artificial Bee Colony:  

 In ABC algorithm, the solution of the optimization problem is represented by the location of a food source 

and the quality of the solution is represented by the nectar amount of the source (fitness). In the first step of 

ABC, the locations for the food source are produced randomly. In other words, for SN (the number of employed 

or onlooker bees) solutions, a randomly distributed initial population is produced. In the solution space, each 

solution (𝑋𝑖 =  𝑋𝑖1 ,𝑋𝑖2 ,…… ,𝑋𝑖𝑆𝑁 ) is a vector on the scale of its number of optimization parameters (Sonmez, 

2011).  

 

iii. ABC-PSO Hybrid Algorithm (HPSABC): 

 In this method of hybridization, ABC runs till its stopping criterion, which in this case is the maximum 

number of iterations, is met. Then the optimal values of individuals generated by the ABC are given to the PSO 

as its starting point. Ordinarily the PSO randomly generates its first individual sets, but in this case of 

hybridization that is taken care of by providing the starting point for the Particle Swarm Optimization who is the 

final values for individuals generated by the Artificial Bee Colony (Emmanuel Dartey Manteaw and Nicodemus 

Abungu Odero, 2012). 

 

Overview of HKELM Classifier: 

i. Extreme Learning Machine Theory: 

 Extreme Learning Machine (ELM) meant for Single Hidden Layer Feed-Forward Neural Networks 

(SLFNs) will randomly select the input weights and systematically find out the output weights (Karpagachelvi et 

al, 2011). This algorithm tends to pay for the best performance at extremely fast learning speed. 

ELM consists of an input layer, hidden layer and an output layer. Also, the ELM has many attention grapping 

and important features different from conventional popular learning algorithms for feed forward neural 

networks. These include the following: 

 The training speed of ELM is extremely fast when put next to different classifier. The training process of 

ELM can be performed in seconds or less than seconds for numerous applications. 

 The ELM will achieve the results directly with none difficulties. The ELM training algorithm is much easy 

than the other learning  

 The ELM algorithm which consists of three steps that can be summarized as 

 Step 1: Given a training setℵ = { 𝑋𝑖 , 𝑡𝑖  𝑋𝑖
 𝜖𝑅𝑚 , 𝑖 = 1,…… ,𝑁} activation function g(x), and hidden number 

node 𝑁 , 

 1) Give random hidden nodes through randomly generating parameters (𝑎𝑖, 𝑏𝑖) according to any continuous 

sampling distribution, 𝑖 = 1,… . ,𝑁  

 2) Calculate the hidden layer output matrix H.  

 3) Calculate the output weight β:𝛽 = 𝐻+𝑇 
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 Then find the maximum repeated data in the whole processes. The ELM chooses an appropriate kernel 

function to do classification of nonlinear mapping in the original space into a high-dimensional space is 

achieved by high dimensional spaces of linear classification. 

 

ii. Kernel Function: 

 Here the low dimensional linear space inseparable mode by nonlinear mapping to high-dimensional feature 

space can attain linear separable. However, suppose this technology is used in high-dimensional space for 

classification or regression, then there will be a problem on formative the form and parameters of the nonlinear 

mapping functions and feature space dimension. In the high dimensional feature space operation the major 

difficulty is the survival of “dimensions of disaster”. The kernel function approach can used to solve these 

problems effectively.  

 In 1964, Aizermann presented a kernel function theory to the field of machine learning and it is developed 

for the function of neural network algorithm representation. Kernel function method uses an arbitrary random 

vector X in the n dimensional vector space mapped to a high dimensional feature space 𝐹 ∶  𝑥 → 𝛷 ( 𝑥 ) ∈ 𝐹 

with a nonlinear transformation and can attain a high dimensional feature space linear classification. In high 

dimensional feature space F, the interaction between each coordinate element is inadequate to the inner product 

linear learning algorithm, does not need specific forms of nonlinear transformation, providing the kernel 

function to replace the inner product in the linear algorithm persuade the Mercer condition can obtain the 

original input space equivalent to nonlinear algorithm. 

 Generally most of the kernel function is mainly belongs to 3 main categories, they are: 

 

1) Polynomial kernel function 

𝐾 𝑥, 𝑥𝑖 = (𝛾 𝑥. 𝑥𝑖 + 𝑟)𝑑 , 𝛾 > 0                  (3) 

 

2) Perceptron kernel function 

𝐾 𝑥, 𝑥𝑖 = tanℎ  𝑣 𝑥. 𝑥𝑖 + 𝑐                        (4) 

3) Gauss RBF nuclear function 

𝐾 𝑥, 𝑥𝑖 = 𝑒𝑥𝑝  –
 𝑥−𝑥𝑖 

2

2𝜎2                      (5) 

4) Sigmoid function  

 

𝐾 𝑥 =
1

1+exp (−𝑥)
                             (6) 

 In the above formula (4) to (6), d,c,σ are real constant parameters. 

 

iii. Hybrid Kernel Function:  

 There are several types of kernel function summed up with each other, which can be separated into two 

major types of local kernel function and global nuclear function. For instance, RBF function is a general local 

kernel function, the Perceptron kernel function and polynomial kernel function are two characteristic global 

nuclear function. In test point the local kernel functions is closer to the region class has an impact on the data 

points and global nuclear function permits the kernels away from the test input data point values also influences 

were studied in (Inderjit et al, 2001). Since the local kernel has high learning ability but the performance is poor, 

by this, the global nuclear function has finest generalization performance however the training ability is not 

good. Therefore, these two types of nuclear function combined to form a hybrid kernel function. 

 The traditional approach of building kernel functions is based on the thought of Mercer's theorem which 

was proposed in (Wille, 1982). 

 Simple kernel function build complex hybrid kernel function, that is the hybrid kernel function still satisfies 

the Mercer theorem of the kernel function. 

 Set 𝐾1 ,𝐾2 is defined in the kernel function on X × X , f is  real-valued functions on X: Ф x : X → RN , K3 is a 

kernel function on 𝑅𝑁 × 𝑅𝑁 , 𝑎 ∈ 𝑅+,𝐵 is a 𝑛 × 𝑛 dimensional positive semi definite symmetric matrix, 

followed by Mercer theorem, the functions as follows are the kernel function: 

1. 𝐾 𝑥, 𝑧 = 𝐾1 𝑥, 𝑧 + 𝐾2(𝑥, 𝑧) 

2. 𝐾 𝑥, 𝑧 = 𝑓 𝑥 𝑓(𝑧) 

3. 𝐾 𝑥, 𝑧 = 𝑎𝐾1(𝑥, 𝑧) 

4. 𝐾 𝑥, 𝑧 = 𝐾1 𝑥, 𝑧 𝐾2(𝑥, 𝑧) 

5. 𝐾 𝑥, 𝑧 = 𝐾3(Ф 𝑥 , Ф 𝑧 ) 

6. 𝐾 𝑥, 𝑧 = 𝑥𝑇𝐵𝑧  

 Proof: Set matrix 𝐾1 , 𝐾2 which is defined on a finite set of points 𝑥1 ,𝐾, 𝑥𝑛  , for any vector 𝛼 ∈  𝑅𝑛  , K is 

a positive semidefinite matrix and the compulsory and satisfactory condition is all 𝛼 should satisfy ∝′ 𝐾 ∝≥ 0. 
It can be said that  ∝′  𝐾1 + 𝐾2 ∝=∝′ 𝐾1 ∝ +∝′ 𝐾2 ∝≥ 0, 𝑡ℎ𝑒𝑛 𝐾1 + 𝐾2   is positive semidefinite, that is to say 

𝐾1 + 𝐾2 meet Mercer theorem, so it is kernel function, 𝐾 𝑥, 𝑧 = 𝐾1 𝑥, 𝑧 + 𝐾2(𝑥, 𝑧) is kernel function.  
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 By the function 𝐾 = 𝜆𝐾1 +  1 − 𝜆 𝐾2 ,     𝜆 ∈ (0,1) is a mixed function which satisfies the condition of 

Mercer algorithm. In this paper, the RBF kernel function  𝐾 𝑥, 𝑥𝑖 = 𝑒𝑥𝑝  –
 𝑥−𝑥𝑖 

2

2𝜎2   is combined with the 

Perceptron kernel function 𝐾 𝑥, 𝑥𝑖 = tanℎ (𝑣 𝑥. 𝑥𝑖 + 𝑐) to form a hybrid kernel function. With the help of 

hybrid function, the learning ability of the kernel function and its generalization ability are improved. Then 

apply it to the ELM therefore achieve good classification performance. 

 Note that to ensure the proposed hybrid kernel does not varies the rationality in the original mapping space 

and then the proportion coefficients sum of two kernel functions is 1. Based on this, a hybrid kernel function is 

introduced. 

𝐾 𝑥, 𝑥𝑖 = 𝑒𝑥𝑝  –
 𝑥−𝑥𝑖 

2

2𝜎2  +  1 − 𝜆 tanℎ (𝑣 𝑥. 𝑥𝑖 + 𝑐)                     (7) 

 

iv. ELM based on Hybrid Kernel Function (HKELM): 

 In the paper, construct an extreme learning machine representation based on hybrid kernel function called 

HKELM (Shifei Ding et al, 2013). In HKELM, the hybrid kernel function combines well-built learning 

capability of local kernel function and generalization ability of global nuclear function, by means of improved 

learning performance. The steps are as follows 

 Step 1: Describe network. Define the number of hidden layer nodes and arbitrarily allocate to input weights 

and indirect bias. 

 Step 2: Construct a Model. Establish the hybrid kernel function to build ELM learning model. 

 Step 3: Samples training to train the data.  

 Step 4: Performance testing of HKELM generalization performance and learning performance. 

 

Methodology for Gene Selection and Classification: 

 A combination of Integer-Coded Genetic Algorithm (ICGA) and Hybrid Particle Swarm Optimization with 

Artificial Bee Colony (HPSABC) model is driven ELM based on hybrid kernel function (HKELM), to select an 

optimal set of genes, which is then used to build a classifier to develop an algorithm that can handle sparse data 

and sample imbalance. 

 

3.1. Preprocessing Process:  

 In preprocessing process, the missing values of the datasets from the whole dataset are regained. Missing 

data imputation is a process that changes the missing values with various feasible values. Imputed values are 

indulgence as dependable as the truly observed data, but they are simply as fine as the assumption used to build 

them. Outliers are the noisy data which do not converse to the inherent model that created the data under 

surveillance. From, outliers are notice that should be eradicated so as to improve the accuracy of clustering 

process. 

 

3.2. HPSABC based HKELM for Accurate Classification with ICGA based Gene Selection: 

 HPSABC based HKELM and ICGA based gene selection approach is proposed, which can minimize the 

size through gene (feature) selection and use the chosen relevant genes for accurate classification of a sparse and 

imbalanced data set. The proposed HKELM classifier can distinguish the cancer classes among the data 

denoting the chosen features quickly. The proposed classifier in which where the HPSABC algorithm is utilized 

to identify the optimal input weights such that HKELM classifier can distinguish the cancer classes 

significantly, i.e., the performance of the HKELM classifier is enhanced. In this work, the data are divided into 

training and predicting sets. Based on the input and output weights obtained by training data, the water demand 

can be predicted directly through the established HKELM. 

 The proposed methodology of the block diagram is shown in the figure 1 as follows  

 Initially, the preprocessing process is carried out to find missing values of the datasets. Then the 

performance of HKELM classifier is mainly based on the selected input genes. In order to minimize the 

computational aspect, an ICGA is used to choose and minimizes the number of genes, which can discriminate 

the cancer classes efficiently. Based on these chosen genes, HKELM algorithm generates significant classifier 

by calculating weights of the genes. Initially, ICGA selects n independent genes from the available gene set. For 

the selected genes, HPSABC will identify optimal parameters like number of hidden nodes and input weights 

such that the performance of the HKELM multiclass classifier is improved. The best validation performance 

(η+) will be utilized as fitness for the ICGA evolution. The validation performance of HKELM classifier (η) is 

used in HPSABC for selection of HKELM parameters. 

 



412                                                            T. Karthikeyan and R. Balakrishnan 2014 

Australian Journal of Basic and Applied Sciences, 8(7) May 2014, Pages: 408-416  

 
 

Fig. 1: Proposed block diagram. 

 

3.3. HPSABC based HKELM Classifier: 

 Here, ABC runs until its stopping condition met, which in this case, makes it reach the maximum number of 

iterations. The optimal values of individuals produced by the ABC algorithm are given to the PSO algorithm as 

its initial position. PSO arbitrarily produces its initial individual sets, however in this scenario of hybridization 

by providing the initiating point for the PSO whose final values for individuals is produced by the ABC. Thus, 

the best particle and the food position of the equations are attained from the fitness value, the first term denotes 

the current velocity, the second term denotes the local search, and the third term is the global search. 

 The fitness value of the particles is the validation efficiency of the HKELM classifier, whose 𝑎𝑙𝑖 = 𝐻, 

𝑏𝑙𝑖 = 𝑉and RMSE=b is initialized using the particle: 

𝐹 = 𝜂                           (8) 

 The HPSABC searches for the best H, V, and b values that analytically computed weight in the ELM 

classifier which results in better generalization performance. The cross validation performance of best H, V, and 

b is 𝜂+. The parameters of the HPSABC algorithm are shown in Table 1. The main factor in HPSABC based 

HKELM classifier is to determine the amount of imbalanced data set that the classifier can handle without 

losing performance considerably.  

 

3.4. Analysis on Imbalance Data: 

 The sample imbalance handling capacity of HPSABC based HKELM classifier is based on the technique in 

(Prasanta Kumar Pradhan etal, 2011). The number of samples in one of the class was reduced and performance 

of the classifier was examined for different imbalance criteria. A similar examination was conducted for the 

proposed classifier and the average(𝜂𝑎), overall (𝜂0)and individual (𝜂2)classification efficiencies obtained are 

shown in Fig. 2.  

 It is observed that the average and overall classification efficiency of proposed classifier is almost constant 

up to 50% sample imbalance in class 2 data. By proper selection of the input weights and bias value, a better 

performance can be attained. If careful observation is not taken then the classification performance of HKELM 

classifier falls drastically with sample imbalance. 
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Fig. 2: Properties of the imbalances in data are depicted here; also the performance of the HKELM classifier  

was analyzed for different imbalance conditions. 

 

3.5. Integer-Coded Genetic Algorithm: 

 Genetic algorithms are widely used to solve complex optimization problems, in which the number of 

parameters and constraints are large and analytical solutions are not easy to obtain (Yonghong Zeng et al, 2006). 

In recent years, a number of techniques have been proposed for integrating genetic algorithms and neural 

networks. Genetic Algorithms are found to be effective in gene selection and classification. A study on selection 

function (ranking method) and genetic operators (hybrid crossover and mutation) of GA are described in 

(Yonghong Zeng et al, 2006). Descriptions of string representation and Fitness are given below: 

 

String Representation: 

 In this paper, ICGA is used for selecting the N best independent features from the given set. The 

characteristic string, which denotes N independent features, is given as  

 

𝑆 =  𝐹1,𝐹𝑖 ,𝐹𝑗 , 𝐿,𝐹𝑁                          (9) 

 

 where the selected features belong to the set S and they are independent. 

 

Fitness: 

 The main aim of feature selection is to determine the features (search nodes) that best illustrate the input 

output characteristics of the data. The results of the HPSABC based HKELM fivefold cross-validation test are 

used as fitness criteria, i.e., for the selected features, HPSABC will identify the best hidden neurons, input 

weights, and biases values, and return the validation efficiency obtained by the HKELM algorithm along with 

the best HKELM parameters. The features returning the best validation efficiency eventually are chosen as 

representative of the full data set: 

 

𝐹𝑖 = 𝜂+                        (10) 

 

 The best solution (for the selected set of genes and HKELM parameters) obtained after a given number of 

generations is used to develop a classifier using the complete training set. This classifier is then used to classify 

the testing samples. 
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RESULT AND DISCUSSIONS 

 

 In this section, the performance of the proposed approach is compared with other methods based on Global 

Circulation Models (GCM) data set (Michalewicz, 1994), in two steps. Initially, with the GCM data set the 

preprocessing process is carried out to find the missing values to change those values into feasible values. Then 

the classification process is carried out and the results are compared with other classifiers therefore the results 

for gene selection are compared with other existing results for gene selection. The samples in each class are tiny 

with high sample imbalance in GCM data set, that is, large number of classes with high dimensionality requires 

attention for selection of samples to training and testing. In these experiments, the data set is dividing into 

training and testing data. 

 

4.1. Global Cancer Map Data: 

 The GCM data is the collection of six different medical institutions around 14 different types of malevolent 

tumors. It consists of 190 primary complete tumor samples and 8 samples are not used here called metastasis. 

Each sample contains the virtual expression of 16,063 genes (take for granted a one-to-one mapping from gene 

to probe set ID). From 190 samples, 144 samples are utilized for gene selection and classifier growth and the left 

behind 46 samples are used for assessment of the generalization performance. The amount of training samples 

per class varies from 8 to 24 which are sparse and imbalanced. Based on these notes, the GCM data set is sparse 

in environment with a high sample imbalance and a high-dimensional feature space for huge number of genes. 

The main objective is to select sets of genes from the 16,063-dimensional space and recognize the smallest 

number of genes needed to concurrently categorize every tumor types with greater accuracy. 

 

4.2. Results on Preprocessing Process: 

 In preprocessing process, it helps to change the missing values with various feasible values for further 

processing. 

 
Table 1: Missing values. 

Datasets KNN (%) Enhanced KNN (%) 

GCM Dataset 86 93 

 

 Table 1 shows the results comparison of the pre processing step. It is clearly observed from the table that 

the proposed enhance KNN approach provides better results when compared with the KNN approach.  The 

whole GCM dataset are taken for consideration, the proposed KNN provides better results. Thus, the proposed 

enhanced KNN approach outperforms the existing KNN approach.  

 In turn to calculate the classifier performance for sparse and imbalance data set, the results obtained by the 

proposed HPSABC based HKELM classifier for a given number of genes is compared them with the existing 

classifiers. Here, 98 genes as selected in (Bölcskei et al, 2002) as the source for the classifier performance 

comparison. The HPSABC based HKELM classifier is ruined to recognize the paramount number of hidden 

neurons, input weights, and bias by means of 144 training data. With the use of best HKELM parameters, an 

HKELM classifier is developed by means of the complete training data and the resultant classifier is tested on 

the remaining 46 samples. This study is experimented for a variety of random combinations of 144 training and 

46 testing samples set, and the results are account in Table 2. 

 
Table 2: Comparative Analysis on Classification Methods for GCM Data Set Using 98 Genes Selected as Explained in  

(Ramaswamy et al, 2001). 

Various Methods ns Training Testing 

  Mean Std_Deviation Mean Std_Deviation 

SVM (Michalewicz, 1994) 106 96.50 1.85 73.78 5.10 

ELM 50 92.30 2.25 79.43 6.23 

PSO_ELM 36 94.91 1.42 85.13 4.88 

IPSO_E-FELM 30 93.14 1.23 88.45 3.94 

ABC based  AELM 26 92.85 1.10 89.74 3.24 

HPSABC based HKELM 21 90.12 1.01 91.35 3.02 

 

 From the table 2, examine that the HPSABC based HKELM classifier gives better performance than the 

existing IPSO_E-FELM classifier and ABC based AELM for 98 genes selected in [20]. 

 

4.3. HPSABC based HKELM with ICGA Based Gene Selection and Classification Results: 

 The proposed approach is called to select 14, 28, 42, 56, 70, 84, and 98 genes from the original 16,063 

genes using a 10-fold cross-validation method on the 144 training samples. The unexploited testing set 

(46samples) is worn to assess the generalization performance. HPSABC based HKELM with ICGA is identified 

best genes for each set. In this experiments, create that the best genes are chosen throughout different runs do 
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not share any common genes. The overlap between the best genes sets (14-98) chosen by proposed approach is 

insignificant, but their ability to differentiate the cancer classes is more or less similar. These results show that 

there be real subsets of genes that can discriminate or differentiate the cancer classes efficiently  

 
Table 3: Performance of Proposed Classifier for the Best Set of Features Selected by HPSABC based HKELM with ICGA Gene Selection  

Approach. 

Genes Training Efficiency % Testing Efficiency 

 Avg Max Std_dev Avg Max Std_dev 

14 94 95 2 74 82 6 

28 94 95 2 72 86 6 

42 92 96 1 75 98 4 

56 92 96 1 88 97 3 

70 95 98 2 90 97 4 

84 95 98 2 93 97 4 

98 94 98 2 94 99 4 

 

 The performance of the proposed classifier by creating 100 random trials on the training and testing data 

sets is done by the best gene sets selected as above. It helps us to predict the classifier sensitivity to data 

variation. The average, maximum, and standard deviations of training and testing performances are given in 

Table 3 and the selected genes are listed in Table 4. 

 
Table 4: Genes Selected from GCM Data Set That Were Used for Classification by HPSABC based HKELM with ICGA. 

GCM 42 Genes 

Gene Accession ID Gene # Accession ID Gene # Accession ID Gene # Accession ID 

572 D79987_at 1882 M27891_at 7870 AA232836_at 13781 RC_AA403162_at 

5836 HG3342-HT3519_s_at 6868 M68519_rnal_at 8034 AA278243_at 13964 RC_AA416963_at 

917 HG3432-HT3618 _at 6765 M96132_at 8107 AA287840_at 14565 RC_AA446943_at 

5882 HG417-HT417_s_at 3467 U59752_at 8231 AA320369_s_at 14793 RC_AA453437_at 

1119 J04611_at 3804 U80017_rna2 8975 AB002337_at 11421 X05978_at 

1137 J05068_at 6154 V00565_s_at 9546 H44262_at 476 D50678_at 

9731 L13738_at-2 11443 X52056_at-2 9833 M21121_s_at  

1383 L20320_at 4629 X79510_at 10322 R74226_at 

9781 L40904_at 4781 X90872_at 12020 RC_AA053660_at 

5319 L46353_at 4944 Y00815_at 12182 RC_AA100719_s_at 

1655 L77563_at 11606 Z30425_at-2 12717 RC_AA233126_at 

1791 M20530_at 7284 AA036900_at 13541 RC_AA347973_at 

 

4.4. Performance Comparison of Proposed HPSABC based HKELM with ICGA Classifier with Existing 

Methods: 

 The proposed approach for the GCM data set results is compared with other existing methods. Table 4 

shows the minimum number of genes needed by each method to attain maximum generalization performance. 

From the table 4, the proposed HPSABC based HKELM with ICGA selects a minimum 42 genes with a high 

average testing accuracy. GA/SVM, selects a minimum of 26 genes which gives results close to HPSABC based 

HKELM with ICGA performance. It was seen that genes chosen in a variety of runs for any given subset do not 

have major overlaps also there is no any overlap of genes between any two subsets. Until now, the classifiers 

improved by means of these sets of selected genes make similar classification performance and were 

experiential to have the same discriminatory power to classify various cancer classes. 

 
Table 5: Minimum Number of Genes Required by Various Methods to Achieve Maximum Generalization Performance. 

Data Set Gene selection method Genes Avg. Testing Accuracy % 

GCM Proposed HPSABC based HKELM with ICGA 42 93.6 

98 96.12 

ABC based AELM with ICGA 42 92 

98 95 

ICGA_IPSO_E-FELM 42 90 

98 94 

ICGA_PSO_ELM 42 88 

98 91 

GA/SVM 26 85 

 
Table 6: Results for Gene Selection and Classification by HPSABC based HKELM with ICGA for Different Data Sets 

Data set #Classes #Genes Testing Accuracy % 

   Average Best 

Lymphoma 6 12 100 100 

CNS 2 12 100 100 

Breast Cancer-B 4 12 95 100 
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  The HPSABC based HKELM with ICGA gene selection and classifier was used to select the minimum 
number of genes necessary for accurate classification. The average classification accuracies are given in Table 5 
and 6. 
 

Conclusion: 
 This paper focuses on analyzing the gene expression of the micro array data. Microarray gene expression 

data analysis has become an active research area in the field of medical sciences. In this paper, initially 
preprocessing process is carried out in the gene data using an enhanced KNN to find missing values of datasets. 
Then an accurate gene selection and sparse data classification for microarray data is done using HPSABC based 
HKELM with ICGA gene selection for multiclass cancer classification is proposed. ICGA selected genes 
included with optimal input weights and bias values selected by HPSABC and used by the HKELM classifier, to 
deal with higher sample imbalance and sparse data conditions resourcefully. Hence, ICGA gene selection 
approach is incorporated with the HPSABC based HKELM classifier to identify a dense set of genes that can 
discriminate cancer types efficiently resulting in enhanced classification results. Thus the experimental result 
shows that the proposed approach provides better result when compared with other approaches. 
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