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High dimensional data increase the dimension of space and consequently the computational complexity
and result in lower generalization. From these types of classification problems microarray data classifi-
cation can be mentioned. Microarrays contain genetic and biological data which can be used to diagnose
diseases including various types of cancers and tumors. Having intractable dimensions, dimension reduc-
tion process is necessary on these data. The main goal of this paper is to provide a method for dimension
reduction and classification of genetic data sets. The proposed approach includes different stages. In the
first stage, several feature ranking methods are fused for enhancing the robustness and stability of feature
selection process. Wrapper method is combined with the proposed hybrid ranking method to embed the
interaction between genes. Afterwards, the classification process is applied using support vector
machine. Before feeding the data to the SVM classifier the problem of imbalance classes of data in the
training phase should be overcame. The experimental results of the proposed approach on five micro-
array databases show that the robustness metric of the feature selection process is in the interval of
[0.70, 0.88]. Also the classification accuracy is in the range of [91%, 96%].

� 2014 Elsevier Inc. All rights reserved.
1. Introduction

Applying microarray technology which makes studying the
expression of thousands of genes possible simultaneously, has
led to the production of massive amounts of gene expression data
recently. Statistical analysis of these data includes feature selec-
tion, normalization, and classification.

The expression levels of genes have important information
about biological networks, cellular states, and the understanding
of gene function. An objective of gene expression data analysis is
to determine how the expression of each individual gene affects
the expression of other genes or genetic networks. Another goal
is to determine how these genes are expressed in healthy and dis-
eased cells. Using data mining techniques and artificial intelligence
techniques for analyzing data obtained from this technology can be
useful for diagnosis and treatment.

Collections of genetic data have high dimensions and small size
and are usually imbalanced. Data collection and analysis and dis-
covering unknown relations among these data are complex tasks.
High dimensions increase the complexity of the classification
process and the prediction of disease type and since there are
redundancies and duplications of genes, the classification accuracy
may degrade. Experiments which are carried out to extract the
gene expression matrix are costly and due to the limited number
of experiments, we are faced with the small size of the data set.
The small size of the data set leads to another challenge. Among
those people that are tested most are not likely to have the disease
and those which are suspicious to have cancer or tumor are less
likely. In this case, we are faced with minority in genetic databases
who are sick.

Different strategies have been proposed over the last years for
feature selection, including filter, wrapper [28], embedded [29],
and more recently ensemble techniques [30].

The feature selection is an essential problem for pattern classi-
fication. The proposed feature selection approach is based on rank-
ing methods [2] to select each characteristic individually, and
without considering the relationship between features while other
feature selection approaches are based on the selection of the best
subset of features considering the interaction between the features
[3].

Feature ranking based selection methods evaluate the signifi-
cance of features according to some measurements, such as dis-
tance [31,32], and information theory [33]. Among the distance
based measures, Relief, which is firstly proposed by Kira and
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Rendell [31] is one of the most successful ones and adopt Euclidean
distance to assign a relevance weight to each feature. The key idea
of Relief is to iteratively estimate feature weights according to their
ability to discriminate between nearby instances. However the
optimality of Relief is not guaranteed because Relief randomly
picks out an instance from training dataset.

Subset selection algorithms search the set of possible features
for the optimal subset in which features are relevant in the given
model. One critical problem for feature subset selection methods
is that exhaustive search and evaluation of all the possible feature
subsets, which usually ends in a considerably high computational
complexity [34]. Thus, many heuristic subset search strategies
have been introduced [35], such as sequential forward/backward
selection, random selection [36], and branch and bound search
[37]. A good feature subset is one that contains features highly cor-
related with the class, yet uncorrelated with each other [38].

Robust feature selection algorithms are related to the sensitivity
of the algorithm facing with various real world conditions, such as
disruptions in the training data. If a feature selection algorithm is
not robust, increasing and decreasing the training samples will
lead to different results. To enhance the strength of feature selec-
tion and not to get stuck in local optima, authors of [4,5] describe
the integration of various criteria to build a more robust and
appropriate dataset. The point which is an important factor in
the feature selection algorithm is the stability of feature selection.

Considering imbalanced databases is a comprehensive look at
the real world. Authors of [6] offer a feature ranking method based
on density estimation to deal with the problem of imbalanced clas-
ses. The authors of [7], using genetic algorithm combined with fuz-
zy theory to select the most distinctive features. The Huang-index
method using fuzzy c-means is employed to enhance cluster valid-
ity and achieve consistent clusters of the features. Also a new en-
tropy-based feature evaluation method is formulated for the
authentication of relevant features. Then, multivariate statistical
analyses are utilized to solve the redundancy between relevant
features [39]. Criteria to describe the relationship between features
includes: Entropy, Mutual information and Information-F.

The authors of [8] determine the relevance of each feature with
other features using similarity relationships among the data sets.
The method used is based on an unsupervised process. First, the
discrimination of each feature is calculated. In the next, step of
the features that are rated higher in terms of discrimination are se-
lected in an iterative process. Authors of [40] offer a dynamic
weighting-based feature selection algorithm, which not only se-
lects the most relevant features and eliminates redundant features,
but also tries to retain useful intrinsic groups of interdependent
features. The primary characteristic of the method is that the fea-
ture is weighted according to its interaction with the selected fea-
tures and the weight of features will be dynamically updated after
each candidate feature has been selected. The authors of [9,10] try
to overcome the weaknesses of theoretical methods using cooper-
ative game. This means that if the discrimination of a single feature
is weak, it will improve when placed alongside other features.
Therefore, this method represents the strength of features to make
any discrimination imbalanced nature of the dataset is another
problem in this field.

Due to the great importance that today genetic data has, it is are
required to present a method which has an appropriate perfor-
mance and also can overcome mentioned challenges. The method
proposed in this paper tries to solve the problems of complexity
and overcome the above mentioned challenges. One of the chal-
lenges related to high dimensional data sets of genetic is the
dimension reduction based on feature selection to specify distinct
and superior genes.

The first stage of the feature selection process consists of two
parts. In the first part, the process of feature selection integrates
ranking methods. The integration of ranking methods causes better
robustness and feature selection stability. In the second part of the
feature selection process, a wrapper technique is applied [1] which
has the ability to express interactions between genes. In the first
part, the unique characteristics of selected features are analyzed;
while in the second part the interaction between features are
analyzed.

The second phase of the proposed approach is based on SVM
classifier. Using SVM classifier is due to the high generalization
ability. As previously mentioned, genetic data sets have small sizes
and low generalization ability. Thus, SVM is appropriate to be used
to overcome this problem. As previously mentioned, the genetic
datasets are imbalanced and SVM is highly sensitive against imbal-
anced datasets. Separating hyper plane would not be located prop-
erly between data of two classes and will be close to the majority
class. In this paper, a method is proposed to solve this problem by
removing the data points from majority class which are far from
the decision boundary.

Organization of the materials presented in this paper is as
follows: In the Section 2 the proposed method is introduced. In
Section 3, the simulation results obtained from the proposed
method are discussed. Conclusions and future works are described
in Section 4.

2. Materials and methods

Due to the complexity of high-dimensional problems, we need
to provide an intelligent way to select appropriate features. The
best feature set is that with the highest performance and the low-
est classification error.

2.1. Ranking method

The proposed method of feature selection is grounded on filter-
ing techniques based on the ranking of features. Top ranked fea-
tures which are selected based on statistical approaches and
represent enough information and functionality to enhance the
performance of classification is chosen. Ranking methods used in
this study is tabulated in Table 1.

In the above mentioned, xi is attribute values of ith sample, �x1 is
its average value and rxi

the characterizes the variance of samples.
C is the class label and parameters such as n1 and n2 demonstrates
the number of samples belonging to any particular features in the
corresponding class label. Also SW and SB are the within-class and
between-class scatter matrix, respectively.

2.2. Integrating ranking methods

The voting system we are going to use in this study merges the
output of each of the ranking methods. The output of each method
is a ranking list in the descending order. In this voting system, vot-
ers are ranking functions and volunteers are the entire set of fea-
tures. Finally, the integration of the outputs of the ranking
methods is a list of features sorted by the votes earned from each
ranking function.

Our proposed voting system determines which features are in
the top of the ranking functions. Distinctive and more superior fea-
tures are selected based on total votes received for that feature.
This study develops an integration method which provides the sta-
bility of feature selection process.

2.3. Integrating wrapper method with ranking methods

Integrating ranking methods using voting system is already
investigated. But feature relations and response characteristics
has not been studied. To combine the integrated ranking method



Table 1
Ranking methods.

Refs. Criterion Name

[11] S ¼ InfoðXÞ � InfoxðXÞ Information gain

InfoðXÞ ¼ �
Xk

i¼1

Pðci;XÞ � logðPðci;XÞÞ

InfoðXÞ ¼ �
XV

i¼1

jVij
jXj � InfoðViÞ

K – number of classes, v – number of
individual values of a genes x
Vi – the set of instances whose values in
gene x equal xi

[12] jVij – number of samples in jVij; jXj ¼ n

Sw ¼
Xc

i¼1

Xnc

j

ðxj � liÞ � ððxj � liÞÞ
T Between versus within

class scatter ratio

Sb ¼
Xc

i¼1

ðli � lÞ � ððli � lÞÞT

S ¼ SB

SW

[13] FRðxÞ ¼ ð½
�x1 � �x2�Þ2

r2
x1
þ r2

x2

Fisher ratio

[14] S ¼
�x1 � �x2

rx1 þ rx2

T-test

[15] S ¼
�x1 � �x2

rx
Z-score

[16] S ¼ �x1 � �x2 Fold-change difference

[17] S ¼
�x1

�x2
Fold-change ratio

[18] S ¼
Xk

j¼1

Rj;K ¼minðn1;n2Þ Wilconxon rank sum

[19] S ¼
Yn

j¼1

Rj

 !1
n

Rank product

[20] S ¼
�x1 � �x2ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

rx1 =n1 þ rx2 =n2
p Welch-t-test

Table 2
Data sets characteristics.

Name # Class 1 # Class 2 # Feature

Prostate 59 77 12,600
DLBCL 19 58 7129
Colon 22 40 2000
Leukemia 25 47 7129
CNS 21 39 7129
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with wrapper method, feature selection is done in an iterative pro-
cess based on an evaluation criterion for selecting a subset of supe-
rior features. After integrated ranking method, a large number of
attributes will be eliminated due to fewer votes. However, by elim-
inating many of the features, iterative wrapper process will benefit
greater speed. The purpose of this section is to consider the inter-
actions between the remaining features. Selected features of the
integrated method, is sorted in the descending order based on
the votes taken in the previous step. Based on the ordered list,
the first distinctive feature is initially added to an empty set of fea-
tures. To add an attribute to a subset of distinctive features from
the top ranked features, between class scatter to within-class scat-
ter ratio is calculate according to Eq. (2). Taking the mentioned
measure into account the feature which increases the measure is
added to the feature set. The process is repeated until the deter-
mined number of features is selected. In addition to reducing the
size of feature space, this processes results in the selection of sub-
sets of the distinguishing features of the strength and stability.

2.4. Support vector machine classifier

Support vector machine is generally used for issues in which
there are two classes. Of course, different ways of combining
multiple SVM classifiers have been proposed. SVM algorithm
locates a linear boundary between two classes of data and then
solves the problem of finding the maximum margin between these
two data sets. Basically, one of the strengths of SVM is the
nonlinear mapping of the input vectors into a high dimensional
feature space, in which the points are linear separable. This is done
by kernel functions. The Gaussian kernel function used for SVM
classifier in this study is introduced in Eq. (1). The reason of using
this type of kernel function is because of the flexibility that enables
better separation than other kernel functions.

Kðu; vÞ ¼ � 1
2c2 ðu� vÞ

� �
ð1Þ
2.5. Imbalanced data classification

When the classes are imbalanced the majority of data belongs
to one of the classes. SVM classifier is sensitive to the imbalanced
data. Boundary plates are not considered if the number of instances
of the class is small. This leads to the increment of the error rate. In
this condition, detection of minority class will be incorrect. To
solve this problem, various methods have been proposed [21,22],
An approach is to add samples to data points of the minority class.
The method which is proposed in this paper to solve the problem
of imbalanced classes based on the removal of the data points of
the majority class. Samples of the majority class which are far from
the decision boundary are removed. To determine which data in
the majority class is far from decision boundary, each time, for
all samples in the majority class, one sample is omitted and consid-
ering the removed data, between class scatter matrixes (SB) for
both the minority and majority classes are calculated. Finally, the
sample creating the greatest SB is deleted from the data set of
the majority class. This process continues until there is a balance
between the numbers of data points of the minority class and
the majority class.

3. Results and discussion

3.1. Data set

In the experimental study, extensive experiments were con-
ducted on the following five gene-expression data sets:

Prostate data [23]: This data set contains expression level of
12,600 genes for 136 samples including 77 prostate tumors, and
59 normal samples.

DLBCL data [24]: This set of data contains 58 DLBCL (diffuse
large b-cell lymphoma) samples and 19 FL (Follicular Lymphoma)
samples with 7,129 genes.

Colon data [25]: This data set contains expression levels of 2000
genes for 62 samples including 22 normal samples, and 40 colon
cancer samples. The task is to distinguish between normal and tu-
mor samples.

Leukemia data [26]: Introduced by Golub et al., in 1999, this data
set contains expression levels of 7129 genes for 47 ALL (Acute
lymphoblastic leukemia) leukemia patients and 25 AML (Acute
myelogenous leukemia) leukemia patients.

CNS data [27]: The goal of this study is the molecular investiga-
tion of treatment effectiveness for embryonal CNS (Central Ner-



Table 3
Confusion matrix.

Name Predicted positives Predicted negatives

Peal positives TP FN
Peal negatives FP TN

Table 4
Avearge accuracy of KNN classifier on genetic data sets.

Number of
feature

Info gain B_W class
scatter ratio

Fisher
ratio

T-test Z-score Fol
dif

5 77.25284 79.21362 61.14642 71.84184 67.36932 68

10 72.9397 73.72402 68.8766 69.92916 66.28894 71

15 71.61758 71.61758 63.67978 66.08072 71.49816 65

20 68.41338 67.23692 61.41558 64.13112 65.50968 65

25 67.37726 68.55372 62.60356 68.65714 65.25372 65

30 65.58924 65.19708 62.55344 66.14732 60.44168 64

35 63.11304 62.72088 59.4433 64.98178 60.2061 63

40 62.83146 62.83146 61.17908 66.95818 60.77754 63

45 60.61856 61.40288 61.08384 65.41194 66.31784 61

50 60.14238 59.35808 61.08384 66.07862 59.32034 65

Fig. 1. Accuracy, F measure and Robustness inde
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vous System) tumors. The task is to distinguish between failed and
succeed treatment outcomes. There are 60 patients with 7129
genes in this data set, where 21 patients are survivors and 39
patients are failures. These five data sets are briefly summarized
in Table 2.
d change
ference

Fold change
ratio

Wilcoxon
rank sum

Rank
product

Welch t-
test

Fusion

.72518 68.3392 80.02704 60.2039 70.8427 80.90802

.09794 72.6984 77.79054 61.99812 69.72814 80.52424

.984 67.19318 77.34798 61.2486 69.00014 81.5934

.27632 68.78862 73.9235 61.18198 68.71944 78.92672

.11446 68.64328 72.08038 60.04944 67.98762 78.4004

.60464 66.52152 69.02894 58.21868 62.58054 78.01946

.80382 65.19228 67.03514 57.43318 62.14946 82.44342

.64106 60.35784 68.46462 54.952 62.91138 82.69524

.28162 60.40298 66.24052 55.87044 60.6811 79.73256

.7475 60.93546 64.38086 57.20378 60.01442 79.73256

x on genetic data sets using SVM classifier.



Fig. 1 (continued)

854 M. Yassi, M.H. Moattar / Biochemical and Biophysical Research Communications 446 (2014) 850–856
3.2. Evaluation criteria

Criteria used to evaluate the proposed method are stability for
feature selection process, classification accuracy and F measure.

3.2.1. Accuracy of classification
Classification accuracy is the main criterion for evaluating the

classification and prediction of samples in the test phase. Table 3
defines the main measurement for accuracy when the samples
are correctly or incorrectly classified. In this investigation the
majority class is considered as the negative class and minority
class is the positive class. The performance of the two-class
classification problems is calculated according to Eq. (2).

accuracy ¼ ðTPþ TNÞ=ðTPþ TNþ FNþ FPÞ ð2Þ
3.2.2. F measure
On the other hand, sometimes we are interested in highly effec-

tive detection ability for only one class. For such problems, another
pair of metrics, precision as Eq. (3) and recall as Eq. (4), is often
adopted. Notice that recall is the same as sensitivity. F-Measure
as Eq. (5) is used to integrate precision and recall into a single met-
ric for convenience of comparison. The parameter b is introduced
as a regulatory factor and its value is equal to one in this research.

recall ¼ TN
TNþ FN

ð3Þ

precision ¼ TP
TPþ FP

ð4Þ

F-measure ¼ ð1þ b2Þ � recall� precision
b2 � recallþ precision

ð5Þ
3.2.3. Robustness measure
Measuring feature selection robustness would be beneficial.

Assume that m sets of data with different repetitions of each data
sample and a subset of the distinguishing features is selected. For
measuring more accurate overall similarity between each set with
the others, Eq. (6) is use. Si and Sj parameters are two subsets of
selected characteristics.

JCiðkÞ ¼
jSi \ S0j þ SCi

k
ð6Þ

SCi is equal to the sum of the absolute correlation between selected
features. jSi \ S0j is equal to the number of common features be-
tween the two selected set of features and K is equal to set size of
Si and S0. Assume totally m batches of data are generated by resem-
bling and m feature subsets are selected. Now, robustness of the
feature selection algorithm is calculated by Eq. (7). The robustness
index is in the interval of [0,1].

JCðkÞ ¼
Pm

i¼1JCiðkÞ
m

ð7Þ
3.3. Evaluation of feature selection criteria

Based on the average accuracy of the classification performed
on the least number of distinct genes the Fisher method, the be-
tween versus within class scatter ratio, the Welch-test and T-test
methods have comparable results with the proposed approach.
Hence in the next parts, we will compare the proposed method
only against the four mentioned measures.

3.3.1. KNN classifier
In the first experiment the 5-nearest neighbor classifier is

applied on the microarray datasets. Averaging the results of the
experiments of the ranking methods based on genetic databases



Fig. 2. Average accuracy of the proposed approach using SVM classifier on genetic data set.

Fig. 3. Average robustness of the proposed approach using SVM classifier on genetic data set.
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using KNN classifier is illustrated in Table 4. It shows that the pro-
posed feature selection process is more superior and robust com-
pared to the other approaches regardless of the type of classifier.
Using the classifiers other than SVM shows that the proposed
method in this paper is independent of the type of classifier and
the proposed process of feature selection is more robust and stable
than the previously proposed methods.

3.3.2. SVM classifier
In the second experiments, the proposed method is evaluated

on five microarray datasets using SVM classifier and considering
all the previously mentioned performance measures including
classification accuracy, F measure and Robustness of the feature
selection process.

In (Fig. 1 – Parts A,B,G,H), as the number of features increases,
stability and robustness become observable in classification accu-
racy and F measure on the prostate and colon data sets. The
absence of such robustness in other methods compared with the
proposed method is also observable. In (Fig. 1 – Parts D,E,J,K), clas-
sification accuracy and F measure criteria of the integrated ranking
method on DLBCL and Leukemia data sets, change slowly as the
number of selected features change, while changes are very rapid
and sudden with low robustness for the other methods. However,
in Fig. 1 – Parts M, N, the proposed method has a moderate
performance compared with other methods. Its stability along with
the slow changes in the performance criteria is outstanding.
In Fig. 1 – Parts C, L, O, the stability of the proposed method
indicates its better performance in the training phase when
there is perturbations of training data. In Fig. 1 – Parts I, F,
the robustness of the proposed method is lower compared with
the Fisher measure. However, Fisher criterion has a poor perfor-
mance on DLBCL and colon data sets in the other two criteria.
The purpose of the proposed method is improving the classifica-
tion accuracy and F measure criteria while preserving the stabil-
ity of feature selection process.

Average accurately of the SVM classifier on the 5 Databases is
shown in Fig. 2. As shown, for each number of selected features,
the proposed method has higher average accuracy compared to
other methods and also shows less variation among the other
methods which suggests its better robustness.

The robustness index as depicted in Fig. 3 is comparable with
the method of Fischer rate; however, higher robustness of the Fish-
er method cannot guarantee its higher accuracy. Having these
observations the proposed method has acceptable strength and is
favorable in the feature selection process and also has high classi-
fication accuracy.

As a summary, the robustness index of the feature selection
process of the proposed approach is in the interval [0.70,0.88]
and the classification accuracy is in the range of 91–96%. Limited
range of changes of the mentioned criteria will prove the sustain-
ability of the proposed method.
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4. Conclusion

In this paper, a method for reducing dimensions of high-
dimensional data sets is presented. Feature selection process
has been done based on the integration of ranking and wrapper
techniques. The proposed method is independent of the type of
classifier and possesses desirable stability for the change in the
number of selected features. Due to the high flexibility and lack
of sensitivity to data set with small size, SVM is proposed for
classification. Before feeding of genetic datasets to SVM classifier,
the problem of imbalanced classes is solved with the removal of
the majority class samples that are far from the decision
boundary. The average results of the proposed method on five
microarray databases realizes that robustness index of the feature
selection process is in the interval of [0.70,0.88], the classification
accuracy is in the interval [91%,96%] and F measure is in the
range [0.44,0.47] for every change in the number of selected
features. Indeed, the limited range of criteria represents the
stability of the proposed method. As the future works, it may
be worth studying a more than two-class problem and combining
the SVM classifier results using methods such as comparative
games in Game theory [41]. Also using the embedded techniques
such as decision tree for extracting interactions between genes
may be beneficial.
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