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Abstract— DNA Microarray technology is a valuable 
advancement in medical field but it gives birth to many challenges 
like curse of dimensionality, storage and computational 
requirements. In this paper we have proposed, a multiple filters 
and GA wrapper based hybrid approach (MF-GARF) that 
incorporates Random forest as fitness evaluator of features. The 
proposed hybrid approach MF-GARF is comprised of three 
phases relevancy block; containing information theory based 
filters Information Gain, Gain Ratio and Gini Index, responsible 
for ensuring relevancy and removal of irrelevant and noisy 
features. Second phase is Redundancy block; incorporating 
Pearson Correlation statistics to remove redundancy among 
features, and then final phase Optimization Block; containing 
Genetic Algorithm wrapper with Random Forest as fitness 
evaluator, responsible for generating an optimal feature subset 
with high predictive power. Random Forest with 10-fold cross 
validation is used to calculate the classification accuracy of 
selected feature subset. Experiments are carried out on 7 
publically available benchmark Microarray cancer datasets and 
the proposed algorithm has achieved good accuracy with minimal 
selected features for all datasets. The comparison with other state 
of the art hybrid techniques validates the effectiveness of our 
proposed approach.   

 
Keywords— Feature Selection, Gene Selection, Hybrid, Genetic 
Algorithm, Random Forests, Filters, Microarray Cancer 
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I. INTRODUCTION 

Data is too diverse. Diversity of data has made feature 
selection a fundamental step for many data mining tasks, 
especially for processing of high dimensional data like 
microarray datasets comprising of more than thousands of 
features and small set of samples.  The rapid growth of data 
gives birth to many challenges like curse of dimensionality, 
storage and computational requirements. Gathering data is not 
a problem but obtaining meaningful information from raw data 
is critically important. The abundance of data demands optimal 
and efficient algorithms to process raw data to retrieve useful 
information[1]. 

 DNA Microarray technology is a valuable advancement in 
medical field that facilitates medical specialists in monitoring 
and profiling gene expressions of an organisms. With the help 
of this technology, biologist can profile thousands of gene 
expressions in a single experiment[2]. DNA chip can profile 

thousands of genes, but not all gene expressions contribute to 
the diagnosis of a disease. Microarray gene expression dataset 
contains plenty of irrelevant and redundant genes that may halt 
the process of correct diagnosis of a disease. 

The process of analyzing the gene expression dataset to find 
out the most informative genes from the pool of noisy, 
redundant and irrelevant is known as Gene expression analysis. 
Analysis of microarray gene expression datasets is a crucial 
task to resolve the issues and challenges associated with them. 
Classification of microarray gene expressions is a NP hard 
problem, it contains thousands of genes and small sample size, 
that gives birth to the issue of curse of dimensionality. To deal 
with the issue of high dimensionality and low sparsity, 
dimensionality reduction is one solution. Dimensionality 
reduction in terms of feature (gene) selection is of great interest 
as large number of features (genes) and small sample size leads 
to overfitting of model, poor model learning, erroneous 
predictions. Moreover, model construction and learning over 
such dataset are computationally expensive and inefficient.  

Feature selection [2][3] is an effective way to solve the curse 
of dimensionality of microarray datasets. It is a common pre-
processing technique in data mining tasks to enhance the 
efficiency of classifiers.  Generally, Feature selection strategies 
are classified into three categories, filters, wrapper and hybrid. 
Filters select features by evaluating each feature individually 
and scoring statistically without using the heuristics of any 
classifier. Wrapper evaluate features using performance 
accuracy of the classifiers and are more efficient in terms of 
performance than filter but are computationally expensive. 
Hybrid is a combination of any of the two or more feature 
selection approaches to overcome the issues associated with the 
individual approach and merge the goodness of the combined 
approaches.  

II. LITERATURE WORK 

In this section we have discussed the existing state of the art 
filter, wrapper and hybrid approaches for supervised feature 
selection of microarray caner datasets. 

 
A. Filters approaches for feature selection  

Filter techniques because of it generalization properties have 
been used by many researchers for feature selection of 
microarray cancer datasets. The recent researches has presented 
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many novel filter approaches to rank features like Hidden 
Markov’s Model (HMM) [4], X- variance[5] Mutual 
congestion[5], Qualitative Mutual Information[6] used Mutual 
information (MI) with Random forest feature importance,  
Pareto based feature Ranking technique [8] for multi-objective 
optimization, Partial Maximum Correlation Information 
(PMCI) [9], a multiple synergy filter based feature selection 
approach that assesses feature importance by extracting 
orthogonal components from feature space. Correlation based 
feature selection[10], mRMR[11] approach that covers both the 
relevancy and redundancy in parallel manner. Filter based 
Feature selection has more generalization properties as 
compared to other approaches but they lack the capabilities to 
reduce the dimensions in case of high dimensional datasets and 
thus do not generate the good prediction accuracies.  To 
overcome the drawbacks associated with filter approaches, 
wrapper and hybrid approaches are proposed that involve the 
heuristics of classifiers to evaluate the performance of selected 
features. 
 
B. Wrapper Approaches for Feature Selection 

In wrapper approach, search process is wrapped around an 
induction algorithm usually a classifier. And, the performance 
accuracy or classification error rate of the classifier is used to 
evaluate the selection of best feature subset. Wrapper are more 
efficient than filters in terms of performance as it considers the 
correlation among features and directly incorporates the biases 
of induction algorithm. Many studies has proposed wrapper 
based approaches for feature selection of microarray cancer 
datasets like PSO-SVM [12], GA- SVM [12], ABC-SVM[12], 
FF-SVM[13], ACO-SVM[14], HS-GA[15], BPSO-CGA[16], 
and HPSO-LS[17]. Wrapper methods are better alternative to 
filters for supervised learning problems being efficient in 
performance but are computationally expensive, hence require 
plenty of computational resources for high dimensional 
datasets. Moreover, wrapper models are prone to overfitting, 
calling classifier again and again for the evaluation of each 
feature subset results in overfitting. 

 
C.  Hybrid Approaches for Feature Selection 

Hybrid approach for feature selection is either combination 
of same or two or more different techniques, with an aim to 
combine the best traits of combined feature selection 
approaches. The most common hybrid combination is of filter 
and wrapper. In which filters are generally employed as a pre-
processor for the later stage i.e. wrapper, as it statistically scores 
the features and pool out the informative genes using less 
computational resources. Features with high ranking or scores 
are saved and used as initial search space for wrappers, that uses 
the heuristic of learning algorithms to calculate the prediction 
accuracies of different feature candidate subsets and opt out the 
most accurate candidate subset. Practically, any combination of 
filter and wrapper can be used for constructing a hybrid but in 
literature variety of novel and efficient combinations of filter 
and wrapper has been suggested. Most of researchers have 
employed bio- inspired evolutionary method as wrappers like  

Table 1. Summary of Existing Hybrid Feature Selection Approaches for 
Microarray Datasets 

Proposed Hybrid 
Approach 

Classifier Performance 
Validation 

Fisher Score and AI 
tuned Genetic Algorithm  
(IDGA – F) [18] 

 SVM 
 kNN 
 NB 

LOOCV 

Laplacian Score and AI 
tuned Genetic Algorithm  
(IDGA – L) [18] 

 SVM 
 kNN 
 NB 

LOOCV 

Information Gain and 
Genetic Algorithm 
(IG-GA)[19] 

 Genetic 
Programming 
(GP) 

10 Fold Cross 
Validation 

Mutual Information (MI) 
and Adaptive Stem Cell 
Optimization 
(ASCO)[21] 

 Fuzzy 
Classifier 

Classification 
Accuracy of 
Rules 
Generated 

Fisher Criterion and 
Cellular Learning 
Algorithm with Ant 
Colony Optimization 
(CLACOFS)[20] 

 NB 
 kNN 
 SVM 

ROC curve 

Independent Component 
Analysis and Artificial 
Bee Colony Optimization 
(ICA + ABC)[23] 

 Naïve 
Bayesian 
(NB) 

LOOCV 

Fisher Score Criterion 
and Multi-objective 
Binary Bat Algorithm 
with Local Search (FS-
MOBBA-LS)[22]  

 SVM 
 NB 
 kNN 

10 Fold Cross 
Validation 

Minimum Redundancy 
and Maximum Relevance 
with Artificial Bee 
Colony Optimization 
(mRMR - ABC)[24] 

 SVM LOOCV 

Mutual Information 
Maximization and 
Adaptive Genetic 
Algorithm 
(MIMAGA)[25] 

 ELM 
 RELM 
 BP 
 SVM 

Classification 
Accuracy 

Random Forest Ranking 
and Binary Black Hole 
Algorithm (RFR-
BBHA)[26] 

 Bagging 10 Fold Cross 
Validation 

Fisher Markov Selector 
and Multi-objective 
binary  biogeographic 
based optimization 
(MOBBBO)[27]  

 SVM LOOCV 

Symmetrical Uncertainty 
and Harmonic Search 
Algorithm (SU-HSA) [1] 

 Instance 
Based 
Classifier 

 NB 

10 Fold Cross 
Validation 

Fast Correlation Based 
Filter and Genetic 
Algorithm (FCBF-GA) 
[29] 

 SVM LOOCV 

Fast Correlation Based 
Filter and Particle Swarm 
Optimization (FCBF-
PSO) [29] 

 SVM LOOCV 
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Genetic Algorithm [18],[19],[25],[30] Ant Colony 
Optimization [23], Bat Algorithm [22] and Artificial Bee 
Colony Optimization [24].  The Table 1 summarises the 
proposed hybrid approaches in recent years for feature selection 
of microarray datasets along with classifiers and performance 
validation metrics. 

III. PROPOSED FRAMEWORK 

In this section, we present a hybrid approach for feature 
selection of microarray cancer dataset that preserves the 
advantages of filter and wrapper methods while mitigating their 
drawbacks. A schema of proposed framework is given in Figure 
1. 

 
Figure 1 – Schema of Proposed Framework MF-GARF 

In the first stage, we have used a set of three information 
based filter techniques Information Gain, Gain Ratio and Gini 
Index, each of these filter technique score each feature 
statistically without any learning algorithm and selects the top-
scoring features filtered by each filter method, meeting a 
specific threshold criterion. A feature set is then created by 
taking union of features opted by each filtering technique. All 
three filters rank feature based on information they add to the 
class label, so directly ensure the relevancy of selected feature 
to the class label.  

Another filtering technique Pearson Correlation is used that 
removes the redundancy from the selected features. Thus 
turning a high dimensional dataset into a small amount of 
feature pool, serving as a reduced search space for an optimal 
wrapper approach Genetic Algorithm that incorporates the 
Random Forest to evaluate the fitness of each selected feature 
subset. We have used set of univariate filters that score each 
feature individually thus do not consider the relationship among 
feature, the subset of feature may bring more information to the 
leaning model instead of an isolated feature but this may induce 
redundancy. 

Feature subset selected by filters can be still large and it’s 
not tuned to any classifier that’s why we introduced a second 
stage where a wrapper is used to reduce the dimensionality of 
the feature subset. Motivation of this hybrid approach is to 
involve both important aspects of feature selection i.e. 
relevancy and redundancy analysis of features. And bring forth 
an optimal subset of features. Wrapper Approach are 
computationally expensive for high dimensional datasets, that 
why in the initial stage we have used filters that serve as a pre-
processing step for wrapper that reduces its search space. Thus 

this approach of feature selection along with high 
dimensionality reduction provide a time and space complexity 
improvement. 

A. Relevancy Analysis Block 

In this block, relevancy of each feature (gene) with the target 
class is calculated using information FEF based univariate 
filters Information gain, Gini index, and Gain Ratio.   

1)  Information Gain:  Information gain is one of the most 
preferred feature ranking filter that measure the relevancy of 
each feature and helps to make decision either the feature 
should be chosen or not. Information gain is a symmetrical 
measure of mutual dependence between two variables. It 
captures information regarding one random variable, through 
other random variable. It is one of the variants used by decision 
tree in machine learning to capture the importance of features. 
Information gain is based on entropy, which is measure of 
randomness in the information being processed, where there is 
a minimum entropy there is a maximum information gain. For 
each feature information gain value is calculated. Greater value 
of Information gain depicts relevancy of feature to the target 
class. A threshold criterion is adjusted to make a choice of 
features to be kept, a feature with information gain value above 
or equal to threshold value are kept while others are discarded 
[30]. The Entropy (E) and Information Gain (IG) is calculated 
using Eq. (1) an (2) respectively. ܧ	 = −෍(݌௜ ௖((௜݌)ଶ݃݋݈

௜ୀଵ ௉,݂൯ܦ൫	ܩܫ  = ௉,൯ܦ൫ܧ − ே೗೐೑೟ே ௟௘௙௧൯ܦ൫ܧ	 − 	ேೝ೔೒೓೟ே  ௥௜௚௛௧൯ (2)ܦ൫ܧ
2)  Gain Ratio: Gain Ratio [31], a term coined by Ross 

Quinlan, is an improved version of Information Gain. It scores 
the features in a similar way as the Information gain, calculates 
the information regarding one random variable (x), through 
other random variable. But Gain ratio involves intrinsic 
information in order to give overall score to each feature. 
Information gain favours multi-valued features. The approach 
of gain ratio is to amplify the information gain while limiting 
the number of its values. The equation for gain ratio is given in 
Eq. (3) follow: -   

(ݔ)݋݅ݐܴܽ	݊݅ܽܩ  = Information	Gain	(x)Intrinsic	Value	(x)  

3)  Gini Index: Gini Index [32] is a term coined by Corrado 
Gini, an Italian statistician in 1912. It measures the impurity 
and uncertainty among the values of the features. Greater the 
value of an index, more the data will be distributed. This 
measure of impurity is used by Classification and Regression 
Tree (CART). This technique is considered to be more fast as 
compared to other filtering technique.  We have used Gini index 
to evaluate the goodness of each feature. The basic purpose 
behind using this approach is to select those features having 
minimum Gini index value and thus bringing in maximum 
purity improvement. The feature with minimum Gini index 
value is considered as a splitting point in CART as it brings 

(1)

(3) 
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maximum purity. The equation for the Gini Index is as follow: 
݅݊݅ܩ  - = 1 −෌ ଶ௖௜ୀଵ(௜݌)   

 
For each filter approach following steps are followed: 
1. Microarray cancer dataset is retrieved. 
2. Missing values are removed. 
3. Dataset is passed to filter that evaluates the feature 

according to its evaluation criteria, and evaluation score 
is assigned to each feature. 

4. Evaluation Scores are normalized using formula. 
5. Now feature scores are compared with threshold 

criterion i.e. th >= 0.5. Feature satisfying the threshold 
criteria are kept while others are discarded.  

At final step, all the feature sets are merged into a unified set 
that serves as an input for redundancy analysis block. 
The Figure 2 and 3 give the flowchart for proposed algorithm. 
 

START

MICROARRAY CANCER DATASET

INFORMATION GAIN GAIN RATIO GINI INDEX

REMOVING MISSING VALUES

NORMALIZATION NORMALIZATION NORMALIZATION

Threshold  >= 0.5 Threshold  >= 0.5Threshold  >= 0.5

D = A U B U C

SET A SET CSET B

YES YES YESNO

DISCARD DISCARD

NO NO

DISCARD

 
Figure 2 - Flowchart for Relevancy Analysis Block 

B. Redundancy Analysis Block 

The above used filter approaches are univariate, they 
evaluate and score features independently without considering 
feature interaction, so there are chances of presence of highly 
correlated features that induce redundancy in data and add no 
additional information to the model, hence these features are 
undesirable. For that we have incorporated Pearson Correlation 
coefficient measure to calculate the correlation among features. 

1)  Pearson Correlation: Pearson Correlation [33] has been 
used to overcome the issue of redundancy among the features. 
The aim is to come up with a feature subset incorporating 
features that are highly correlated with the target class but have 
low correlation with each other. So using Pearson correlation, 
that is one of the most helpful statistically measure for figuring 
out the strength and relationship among variable, correlated 
features are removed as they do not add any additional 
information to the learning model. Individually they might have 
some presence but there exist other features similar in 
behaviour, having same impact on prediction, thus resulting in 

redundancy. Removing correlated features saves space and 
time of calculation of complex algorithms. Moreover, it also 
makes processes easier to design, analyse, understand and 
comprehend.  The equation for Pearson Correlation (r) is as 
follow: -  ݎ = 	 ௡(∑௫௬)ି(∑ ௫)(∑௬)ඥ[௡ ∑௫మି(∑௫)మ][௡ ∑௬మି(∑௬)మ]      

Features with high correlation value i.e. greater and equal to 
0.85 with other features are removed from the set D, and new 
set D’ is obtained. 

The set D’ serves as search space of Genetic algorithm 
wrapper in optimization block.  

C. Optimization Block 

The optimization block is comprised of genetic algorithm 
wrapper with random forest as an induction algorithm to bring 
forth an optimal set of features (genes).  

1) Genetic Algorithm: Genetic Algorithm based on 
Charles Darwin theory of natural evolution, follows the pattern 
of natural selection to select the individuals with maximum 
fitness score to reproduce offspring for the next generation. 
Here from fitness score of individual we mean those individual 
that have more power to withstand the environmental changes. 
Genetic algorithm (GA) [18] being one of the most promising 
and efficient optimization technique has been used in 
combination with many wrapper and hybrid methods for 
feature selection and classification of high dimensional dataset, 
especially microarray datasets, for last two decades.  

Genetic Algorithm [18], [29] performs a refined feature 
selection from a pool of highly informative features. Genetic 
Algorithm is a global search technique that improve the quality 
of selected feature by finding an optimal feature subset. It looks 
into the search space for the fittest feature subset that produces 
the best classification accuracy. The initial population, fitness 
function, selection, crossover and mutation operator are the five 
main components of the genetic algorithm. The population of 
Genetic Algorithm is comprised of chromosomes, and each 
chromosome in population corresponds to a solution to the 
optimization problem. Each chromosome is incorporated as a 
binary sequence (0’s and 1’s). The length of chromosome 
corresponds to the number of features in dataset, the presence 
of feature is represented by 1, while 0 indicates the absence of 
feature. And role of each chromosome for the next generation 
is determined by the fitness value it acquires. In our proposed 
hybrid approach, the fitness is measured as a function of the 
accuracy of the Random Forest classifier with which GA is 
wrapped. For fitness evaluation of each feature subset Random 
Forest, an ensemble model, is used. It has been discussed in 
later section. 

2) Random Forest Classifier: Random Forest 
[7],[26],[35] operates as an ensemble approach it uses decision 
tree as a base model. The best thing about Random forest is that 
it considers “the wisdom of crowd”. It builds multiple 
uncorrelated decision trees, each decision tree individually 
predicts the class, final prediction of class is based on the 

 (4) 

(5)
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majority vote. In our proposed approach we have used random 
forest classifier as an induction algorithm for GA wrapper. Here 
random forest has used Gini index as a splitting criteria, as it 
does not involve logarithm thus making random forest 
computationally inexpensive. 

 
D = A U B U C

PEARSON
 CORRELATION

D’
FEATURE 
SUBSET

SEARCH SPACE FOR GENETIC 
ALGORITHM WRAPPER

GENETIC ALGORITHM

RANDOM FOREST CLASSIFIER

TRAININ
G SET 
(90%)

TESTING 
DATA 
(10%) RANDOM FOREST CLASSIFIER

SELECTED 
BEST FEATURE SUBSET

10 FOLD CROSS 
VALIDATION

AVERAGE 
CLASSFICATION 

ACCURACIES

 
Figure 3 - Flowchart of Redundancy Analysis and Optimization Block 

IV. EXPERIMENTAL SETUP AND RESULTS 

For evaluation of proposed frameworks, the algorithm is 
implemented in python. And all the experiments are carried out 
on HP notebook with 2.7 GHz processor speed and 4GB RAM. 
Moreover, datasets used for evaluation of proposed framework, 
the parameter tuning of wrapper, classifier, and experimental 
results are discussed in this section.  

A. Datasets 
  The algorithm is evaluated on 7 publically available binary 
class microarray cancer datasets [34][36] including Colon , 
Leukemia, DLBCL, Ovarian, CNS, Prostate and Breast 
Cancer datasets. The description of dataset is given in Table 2. 

Table 2. Description of Microarray Cancer Datasets 

Datasets Attributes Instances Classes 

Colon  2000 62 Normal / Tumor 
Leukemia 7129 72 ALL / AML 

DLBCL 4026 55 DLBCL/FL 
Ovarian 15155 253 Normal/Cancer 
CNS 7129 60 1/0 
Prostate 12533 102 Normal/Tumor 
Breast  24481 97 Relapse/Non-

Relapse 
 

B. Parameter Tunning  
For experimentation, few parameters are tuned. In 

relevancy analysis block, the threshold for maintaining 
relevancy is set to 0.5 for all three filters. In redundancy 
analysis block, Correlation value is set to 0.85 to extract the 
feature having same or above correlation value with other 
features. The parameters of Genetic algorithm i.e. population is 
set to 80 for Prostate and Breast cancer datasets, while for rest 
of the datasets, its value is set to 20. Number of generations is 
set to 30 to iterate the process 30 times to get the most optimal 
subset of features. The values of probability of crossover (Pc) 
is set to 0.5 while probability of mutation (Pm) is assigned 0.01 
value. The parameters of random forest classifier number of 
trees, maximum depth and splitting criterion are set to 25, 25 
and Gini Index respectively as suggested by study [35]. The 
experiment is repeated for 10 times using 10-fold cross 
validation to get the accurate result mitigating any chances of 
model overfitting. Random forest classifier is used to calculate 
the accuracy of feature subset. Moreover, precision, recall and 
AUC are also computed.  

 
C. Experimental Results   

In this section, the experimental results are discussed, the 
Table 3 gives the feature count, while Table 4 gives 
classification accuracies obtained at the end of each phase of 
our proposed algorithm to give an idea how it works.  

 

Table 3. Feature Count After Each Stage of Proposed Algorithm 

 
 
Dataset 

Raw 
Feature 
Count 

HYBRID 

Relevancy 
Analysis 
Block  

Redundancy 
Analysis 
Block 

Optimiz
ation 
Block 

Colon 2000 58 34 3 
Leukemia 7129 112 108 3 
DLBCL 4026 384 334 4 
Ovarian 15155 59 20 5 
CNS 7129 1074 257 7 
Prostate 12533 90 45 5 
Breast 24881 8511 2593 10 

Table 4. Classification Accuracies after each stage of proposed algorithm 

 
 
Dataset 

Raw 
Accura
cy 

HYBRID 

Relevancy 
Analysis 
Block  

Redundancy 
Analysis 
Block 

Optimiz
ation 
Block 

Colon 63.16% 89.47% 89.47% 96.77% 
Leukemia 90.48% 95.24% 100% 100% 
DLBCL 98.1% 99.05% 100% 100% 
Ovarian 96.05% 98.68% 98.68% 100% 
CNS 66.67% 66.67% 72.22% 93.33% 
Prostate 70.97% 93.55% 96.77% 98.04% 
Breast 58.62% 72.41% 86.21% 86.60% 

 
The Table 5 shows the accuracy, precision, recall and AUC 

for all datasets. As the result shows, the proposed algorithm has 
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given 100% accuracies for Leukemia, DLBCL and Ovarian 
datasets. 

Table 5. Accuracy, Precision, Recall, AUC 

Dataset Avg. 
Accuracy 

Avg. 
Precision 

Avg. 
Recall 

Avg. 
AUC 

Colon 96.77% 100% 90.91% 95.1% 
Leukemia 100% 100% 100% 100% 
DLBCL 100% 100% 100% 100% 
Ovarian 100% 100% 100% 100% 
CNS 93.3% 92.68% 97.43% 90.6% 
Prostate 98.04% 98.08% 98.08% 97.3% 
Breast 86.60% 88.54% 88.24% 85.4% 

V. COMPARISON WITH STATE OF THE ART TECHNIQUES 

This section shows the comparison of our proposed hybrid 
approach with other state of the art hybrid approaches in terms 
of classification accuracies and number of selected genes to 
validate the effectiveness of our proposed algorithm (MF-
GARF). The comparison is presented in Table 6. In most of the 
hybrid techniques bio-inspired evolutionary wrappers are used 
in combination with filters so it would be a fair comparison. 
The results show that proposed algorithm (MF-GARF) has 
outperformed other hybrid approaches in 5 out of 7 microarray 
cancer datasets. The proposed algorithm has achieved 100% 
accuracies for 3 datasets Leukemia, DLBCL and Ovarian 
cancer dataset with only 3,4, and 5 selected features. In IG-GA 
[19], only information gain is used as a pre-processer for GA 
wrapper while we have employed multiple filters along with 
GA wrapper to reduce the space complexity and have achieved 
more accurate classification accuracies for Colon, Leukemia, 
DLBCL, and CNS comparatively with lesser no. of selected 
features. For prostate dataset CLACOFS [20] and ICA + ABC 
[23] has achieved better accuracies than our proposed approach. 
For Leukemia, MF-GARF has overshadowed the performance 
of other state of the art techniques. For CNS and Breast Cancer 
dataset, MF-GARF has achieved 93.33% and 86.60% accuracy 
which is higher than classification accuracies of other 
techniques.  

VI. CONCLUSIONS 

To overcome the high dimensionality and low sparsity issue 
of feature selection, we have proposed a hybrid feature 
selection approach (MF-GARF) based on multiple filters and 
Genetic Algorithm (GA) wrapper in combination with Random 
Forest (RF) classifier. The experimentation and results show 
that proposed algorithm achieves higher accuracies than other 
state of the art techniques presented in literature.  In this study 
we have employed the information based filters that performs 
evaluation of features based on the amount of information they 
provide about the target class. In future work, we can use filters 
employing variable feature evaluation criteria like distance, 
similarity, or consistency. Moreover, ensemble approach 
instead of hybridization can be incorporated at pre-processing 
stage to retain only those features voted by majority of feature 
evaluation techniques. 
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