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Abstract

Microarray gene expression data has provided a successful 
framework for investigating cancer and genetic diseases. 
Finding cancer-related genes using feature selection methods 
is of the greatest importance in microarray analysis. 
However, selecting a small number of informative genes is a 
challenging task due to the curse of dimensionality in the 
microarray dataset. This study introduces a new hybrid 
model based on the Intelligent Dynamic Genetic Algorithm 
(IDGA) and random forest to distinguish a small meaningful 
set of genes for cancer classification. This random forest-
based IDGA algorithm uses not only random forest in 
filtering noisy and redundant genes but also in its fitness 
function. The proposed method was evaluated on two 
benchmark datasets, namely leukemia and colon cancer data 
and top explored genes were reported. Experimental results 
demonstrate that the suggested method has an excellent 
selection and classification performance compared to several 
recently proposed approaches.

1. Introduction

DNA microarrays hold the expression profiles of many genes 
that facilitate the diagnosis and classification of genetic-related 
diseases [1]. Cancer microarray data is composed of a very large 
number of genes with a limited number of tissue samples. This 
property of microarray data poses a challenging problem for 
cancer classification since a large number of genes are irrelevant 
or redundant to some specified diseases [2]. Classification of 
tissue samples into cancer and normal tissue is known as an NP-
hard problem when a few numbers of the most significant genes 
are targeted [3, 4].

In literature, various gene selection methods and algorithms 
have been presented which can be roughly categorized as the 
filter, wrapper, and hybrid models [5]. Filter methods which are 
usually known as gene-ranking methods, evaluate each feature 
using its general statistical properties without using any learning 
algorithm, e.g. chi-square test [6]. The wrapper methods utilize 
evolutionary or bio-inspired methods to lead their search 
procedure and employ the accuracy of specific classifiers [7].
Filter methods are computationally more efficient than wrapper 
methods, while the performance of wrapper methods are 
generally superior to filter methods since they consider 
interactions between the solution and predictors [8]. Hybrid 
methods combine the computationally efficient filter methods 
with the high-performance wrapper methods to address high 
dimensional cancer data.

Some of the hybrid state-of-the-art methods are Mutual 
Information Maximization (MIM) with Genetic Algorithm (GA)
[9], Fisher score with novel intelligent dynamic genetic algorithm 
(IDGA) [10] , Information Gain (IG) with Genetic Algorithm [1],
Fisher criterion with Ant Colony Optimization (ACO) [11],
Mutual Information (MI) with ACO [12] , Fisher criterion with 
Bat algorithm (BA) [13], Independent component analysis (ICA) 
with Artificial Bee Colony (ABC) [14], minimum redundancy 
maximum relevance (mRMR) with ABC [15], Correlation-based 
feature selection (CFS) with Particle Swarm Optimization (PSO)
[16], Probabilistic random function with PSO [17], Random 
Forest Ranking (RFR) with Black Hole algorithm (BHA) [18],
Fast Correlation based Filter (FCBF) with combination of GA and 
PSO [19], Symmetrical Uncertainty (SU) with Harmony Search 
Algorithm (HSA) [20], and hybrid between Logarithmic 
transformation and Grasshopper Optimization Algorithm [21].

In this study, a new hybrid approach based on intelligent 
dynamic genetic algorithm (IDGA) [10] and the random forest is 
described. First, the random forest ranking (RFR) is used to 
preprocess the original data in order to eliminate noisy and 
redundant genes and reduce the searching time of IDGA. The 
performance of the RFR was compared with the Fisher score 
which its efficiency in gene selection against other commonly 
used techniques has been shown in [22]. The hybrid 
IDGA/random forest algorithm is used to discover extremely 
informative gene subsets after statistically significant genes have 
been selected. To the best of our knowledge, it is the first time 
that random forest is employed as Feature ranking and classifier
at the same time in the hybrid method for cancer classification. 

The rest of this study is structured the following. The proposed 
method is present in section 2. Section 3 discusses the 
experimental result while the conclusion is given in section 4. 

2. Material and Method

2.1. Random Forest

Random forest (RF) is a well-known nonparametric tree-based 
ensemble classifier. RF is a set of unpruned decision trees, where 
each tree is grown on bootstrap samples selected randomly from 
training data [23]. The random forest algorithm has a variety of 
attractive characteristics that make it suitable for microarray 
classification. 1) it is applicable to “large p, small n” problems, 2) 
it incorporates interactions among features, 3) It is based on 
ensemble learning which enables the approach to accurately learn 
simple and complicated classifications, 4) Tuning of parameters 
is not required since the default parameters often lead to 
outstanding result, 5) it applies to both binary and multi-category 
classification tasks. Recent research has revealed an experimental 
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analysis of random forest performance in cancer gene expression 
microarray and deduced that the predictive performance of 
random forest classifier is comparable to that of the highest
performance SVM classifier for microarray classification [24].

2.2. RFR: Measure of Feature Importance

One of the significant characteristics of RF is that it can be used 
as a feature ranking method by providing an internal measure of 
variable importance. This characteristic is particularly helpful for 
high dimensional genomic data. The most frequently evaluated 
importance measure for RF is permutation importance [25].

The training set is built for each tree in the random forest by 
sampling with replacement and approximately one third of the 
sample is left out. To calculate the importance of a specific 
variable, this OOB (out-of-bag) data is used. First, the prediction 
accuracy of the OOB data is calculated.  Then, the values of the 
variable in the OOB cases is permuted randomly while all other 
variables remain the same. Eventually, the reduction in shuffled 
data prediction accuracy is measured. The distinction between the 
non-permutation OOB error and permutated OOB error averaged 
across all trees define the importance of the variable. Variables
with larger permutation importance are more predictive 
(significant) variables [25].

Due to the complexity of biological systems, RF-based gene 
ranking is still a vast improvement from statistical based gene 
ranking since it considers correlation and interaction effects
between variables [23].

2.3. Intelligent Dynamic Genetic Algorithm (IDGA)

Dashtban and Balafar [10] proposed the IDGA as a new 
evolutionary algorithm for gene selection and classification. The 
method is based on the genetic algorithm concept, artificial 
intelligence concept, random restart hill-climbing technique, and 
reinforcement learning. 

It consists of two steps. First, after the original dataset loaded, 
the fisher score filtering method is employed to pick the top M 
statistically important genes. Then, the developed IDGA 
approach is utilized to explore the most significant gene subset 
using SVM classifier.

According to the proposed approach, at first a length variable 
dynamic population is created using those top M genes. 
Chromosomes in the IDGA method are represented with list of 
integers which are the index of the genes.  In the initialization 
step, a random number is produced which is at most equal to M.
Length of chromosomes set up with the random number . Next, 
using an SVM-based fitness function the population is evaluated. 
The evaluation fitness function in the IDGA approach considers 
two factors: the number of features (genes) and the accuracy of 
classification. After assigning fitness value to each chromosome,
the population is sorted to discriminate the elite individuals. Then, 
the conventional roulette wheel is built to select individuals. Next, 
crossover and mutation with intelligent probability are applied 
over the chosen individuals to produce the offspring wth variable
length. After each iteration, new offspring are moved to the next 
generation. Superior chromosomes are sent to next generations
directly to guarantee elitism. After several iterations, elite 
individuals are stored in the repository. The obtained solutions in 
the repository are assessed after several random restarts 
employing the SVM classifier. For more details, refer to [10].

2.4. The Proposed RFR-IDGA-RF Approach

RFR is used in the filter stage to remove redundant and 
irrelevant genes. The IDGA combined with the RF classifier is
utilized in the wrapper stage for extracting highly discriminative 
genes in cancer data. The comprehensive steps in the RFR-IDGA 
technique are outlined as follows:
Step 1: The RFR filter method is used to rank the genes in the 
microarray datasets.
Step 2: The best M top genes are chosen and a new reduced gene 
subset is produced.
Step 3: Apply the IDGA approach to find the most informative 
subset utilizing the RF classifier.  

3. Experimental Setup and Results

3.1. Experimental Setup

In this section, we have evaluated the performance of the 
proposed method on two popular microarray datasets, namely 
Colon and Leukemia. The leukemia dataset contains the 
expression of 7,129 genes with 72 samples, including 25 acute 
myeloid leukemia (AML) and 47 acute lymphoblastic leukemia 
(ALL). The colon dataset consists of 2,000 genes and 62 samples 
including 22 normal tissue and 40 colon tumor tissue. The dataset 
descriptions are summarized in Table 1. 

We employed the implementation of random forest feature 
ranking in the R package “FSelector” for filtering irrelevant and 
redundant genes. The IDGA which implemented in R was used 
for gene selection, where the selection operator is roulette wheel, 
the crossover operator is doubled cut and splice crossover (CSC) 
with intelligent probability, and mutation operator is an intelligent 
probability-based binary mutation. The parameter settings of 
IDGA are shown in Table 2.  

The Random Forest with leave-one-out-cross-validation 
(LOOCV) was used in both fitness and classification of final top 
genes. The R package “Random Forest” was utilized for RF 
classification, where parameter (number of trees to build) 
was set to 30. For LOOCV, samples are used for training 
and one sample is left for testing. This procedure is repeated 
times and final classification accuracy is the average of number 
of correct predictions to the total number of samples. For each 
dataset, the entire process has been replicated 10 times separately
and the average results are shown in Table 4 and Table 5.

3.2. Experimental Result

The influence of applying random forest feature ranking 
methods and the quality of the n-top selected genes using LOOCV 
and RF classifier was given in Table 3. For comparison purposes,
we also considered the high-performance Fisher-score ranking 
method which has already been employed by IDGA in [10].
Since it is not clear how many genes to reach higher performance 
should have been chosen, we set the values of n top genes to 5, 
10, 50, 100, 200 and 500. Considering Table 3, the performance 
of RFR does not have a significant difference with the Fisher 
score on the Leukemia dataset, while the performance of the RFR 
is better on the Colon dataset when the top 200 genes are selected.

Table 4 and Table 5 show performance comparison of the 
suggested method with other recently published methods, using 
200 and 500 top selected genes as the input of IDGA for leukemia
and colon dataset respectively.  

Considering Table 4, the proposed approach outperforms all 
methods except MRMR-ABC and FCBF-PSOGA on the Colon 
dataset. 
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Table 1. The Microarray datasets considered for the 
experiments

Datasets Attributes Samples Class
Colon 2000 62 Normal (22)

Malignant (40)
Leukemia 7129 72 ALL (47) 

AML (25)

Table 2. IDGA parameter setting

IDGA parameters Leukemia Colon
Population 10 50
Range of chromosome length 50-100 10-100
Elite chromosome 3 3
Number of Iteration 60 60
Contracting factor 0.5 0.5
Max agglomerative fitness 1.001 1.001
Selected Top M genes 500 200

Table 3. Result of top selected features with filter methods

Dataset Filter Method
#Top Fisher Score RFR

Leukemia 5 97.22 86.11
10 98.61 98.61
50 97.22 95.83
100 98.61 97.22
200 97.22 95.83
500 98.61 98.61

Colon 5 85.48 87.10
10 85.48 85.48
50 88.71 87.10
100 83.87 82.26
200 80.65 90.32
500 83.87 87.10

Table 4. Methods comparison on the Colon dataset

Experiments Methods LOOCV 
accuracy

No. of 
selected 
genes

Filter method Wrapper method Classifier

Salem et al.[1] Information Gain (IG) Simple Genetic 
Algorithm(SGA)

Genetic 
Programming(GP)

85.48 60

Lu et al. [9] Mutual Information 
Maximization(MIM)

adaptive genetic 
algorithm (AGA)

SVM 83.41 202

Al-shamlan et 
al. [15]

Minimum redundancy 
maximum relevance 
(MRMR)

Artificial Bee Colony 
(ABC)

SVM 96.77 15

Moradi & 
Gholampour
[17]

Probabilistic random 
function

Particle Swarm 
Optimization

KNN 84.38 60

Djellali et al.
[19]

Fast correlation based 
filter (FCBF)

Particle Swarm 
Optimization and 
Genetic Algorithm

SVM 96.30 1000

Pashaei et 
al.[18]

Random Forest Feature 
Ranking (RFR)

Black Hole Algorithm 
(BHA)

Bagging 91.93 3

Our proposed 
method

Random Forest 
Feature Ranking (RFR)

Intelligent dynamic 
genetic algorithm 
(IDGA)

Random Forest 93.39 1.4 4.7 2.0

Best: 95.16 Best: 4

Table 5. Methods comparison on the Leukemia dataset

Experiments Methods LOOCV 
accuracy

No. of 
selected 
genes

Filter method Wrapper method Classifier

Salem et al.[1] Information Gain (IG) Simple Genetic 
Algorithm(SGA)

Genetic 
Programming(GP)

97.06 3

Dashtban and 
Balafar [10]

Fisher Score Intelligent dynamic 
genetic algorithm 
(IDGA)

SVM 100 15

Al-shamlan et 
al. [15]

Minimum redundancy 
maximum relevance 
(MRMR)

Artificial Bee Colony 
(ABC)

SVM 100 14

Moradi and 
Gholampour
[17]

Probabilistic random 
function

Particle Swarm 
Optimization

KNN 89.28 100
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Shreem et al.
[20]

Symmetrical 
Uncertainty (SU)

Harmony Search 
Algorithm

NB 100 26

Tumuluru and 
Ravi [21]

Logarithmic 
transformation

Grasshoper 
Optimization 
Algorithm

NN 94 -

Our proposed 
method

Random Forest 
Feature Ranking 
(RFR)

Intelligent dynamic 
genetic algorithm 
(IDGA)

Random Forest 98.06 1.6 7.4 2.7

Best:  100 Best:  7

Table 6. List of the best gene subset for Colon data

Gene (4)
Fisher-Index Database-Index Accession Code

4, 1, 148, 69 682, 765, 1664, 1671 M76378.2, M26383, T51849, H79136

Table 7. List of the best gene subset for Leukemia data

Gene (7)
Fisher-Index Database-Index Accession Code
8, 32, 117, 288, 313, 362,
380

255, 716, 857, 2354, 4366,
4407, 6895

D87445_at, D16217_at, HG2602-HT2698_at, X64364_at, X61587_at
, M92287_at, U27460_at

However, for the evolutionary algorithm the number of chosen 
genes is important because, with a large number of features, 
several filtering approaches can acquire perfect accuracy. 

The proposed methods show excellent performance in 
comparison with others, concerning both performance accuracy 
and the number of selected genes. Considering the same 
evaluation criteria on the colon dataset, it can be seen from Table 
5 that the suggested approach outperforms all methods
significantly.

Top gene subsets found by this research were reported in Table 
6-7. The predictive performance of those subsets is 100% using 
LOOCV. 

4. Conclusions

Due to the high dimension of the microarray gene expression 
data, determining a small subset of diseases-specific significant 
genes is a challenging task. To address this, we have proposed a 
hybrid IDGA/random forest approach for gene selection. It 
employed both intelligent dynamic genetic algorithms and 
random forest to recognize significant genes in cancer 
classification.  The random forest was applied as a feature ranking 
and classification model in the proposed algorithm. Compared to 
some recently introduced algorithms, the proposed approach
selects fewer genes with higher prediction accuracy.
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    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
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    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
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