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Abstract
Background The classiﬁcation of phenotypes on microarray data has drawn much attention in last few years. The
known methods mainly focused on the selection or construction of features based on either genes or gene pairs on
continuous-value gene expression data. However, few researches have been implemented to identify useful features
based on both genes and gene pairs on binary-value gene expression data.
Results In this work, we proposed a new algorithm, called FSGGP, to select both feature genes and feature
gene pairs on the binary-value gene expression data to improve two-phenotype classiﬁcation. We calculated the
uncertainty coeﬃcient which represented how well a phenotype was described by a gene or gene pair under some
possible relationship, and the exact relationship between the gene or gene pair and the phenotype was identiﬁed
by the value of uncertainty coeﬃcient. Furthermore, the closeness between genes or gene pairs and phenotypes was
calculated, and the genes or gene pairs closely related with phenotypes were selected. The redundancy of genes and
gene pairs as features was calculated by cross entropy on the binary data, and the redundant feature genes or gene
pairs were eliminated. The optimal feature sets were obtained by the wrapper based forward feature selection for
three classical classiﬁers. The algorithm was experimentally assessed on four public datasets. The results showed
that algorithm FSGGP had better performance over four known feature selection algorithms based on either genes
or gene pairs in terms of the average classiﬁcation error rates.
Conclusions We developed an algorithm to select both feature genes and feature gene pairs on the binary-value
gene expression data, where the selection of feature gene pairs was implemented by identifying the higher logical
relationship between gene pairs and phenotypes. The comparison with four known feature selection algorithms
suggests that feature selection algorithms based on both genes and gene pairs can achieve better performance than
feature selection algorithms based on either genes or gene pairs, and the identiﬁcation of higher logical relationship
is an eﬀective approach for the selection of feature gene pairs.
Keywords: Classiﬁcation; Phenotype; Gene; Gene pair
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Introduction

At a molecular level, microarrays have been widely
used to obtain transcription abundance of tens of thousands of genes in various conditions [1–3]. The microarray experiments have been done on the samples
of distinct phenotypes (e.g., healthy/diseased, resistant/susceptible, ﬂowering/non-ﬂowering) [4,5]. In some experiments, samples are labeled with phenotypic information; while, in other ones, there is no phenotypic information of a sample. It deserves to ﬁnd key molecules
for classiﬁcation based on the gene expression data of
labeled samples and apply the molecules to the samples
without labels for diagnosis or classiﬁcation. In general,
the classiﬁcation of phenotypes has drawn great attention of research community [6, 7].
A gene expression proﬁle data is a matrix, where each
row represents a gene and each column represents a sam-

ple. The elements of the gene expression proﬁle data
mainly have two forms: the binary values and the values
in the interval [0, 1] (e.g., the data used in [8–11]). The
gene expression data with binary-values (resp., the values in the interval [0, 1]) is shortly referred as binary data
(resp., continuous data). In a binary data, ‘0’ represents
that a gene is not expressed in a sample; while ‘1’ means
that a gene is expressed in a sample [12]. A real number
in the interval [0, 1] denotes the probability that a gene
can be detected in a sample [13]. In a gene expression
proﬁle data, the number of genes is generally much larger
than that of samples [14]. Thus, it is necessary to reduce
the dimension of gene expression proﬁle data for eﬃcient
classiﬁcation.
There is a lot of work in the dimension reduction
based on the continuous data (e.g., researches in [15–19]),
while there are relatively few researches dedicated to reduce dimension on the binary data. The binary data
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can illustrate the inactive and active states of genes [11],
which could be the discretization of the continuous data
without necessary information loss [10]. Compared with
the continuous data, the binary data may be more easily measured and require fewer micrograms of total RNA
for a comprehensive screen [20]. The eﬃcient dimension
reduction based on the binary data may improve classiﬁcation accuracy with lower cost.
Feature selection methods can select useful single features, such as the mutual information based feature selection (MIFS) algorithm, the mutual information and
cross entropy (MICE) algorithm, and the Linear Forward
Selection (LFS) algorithm [21–23]. In some cases, feature pairs can achieve better classiﬁcation performance
than single features contained in the feature pairs [17,24].
However, the limited knowledge about the relationships
between features leads to little biological or physical interpretations of feature pairs. Furthermore, most of the
known excellent classiﬁers, which require inputs to be single features, are hard to use feature pairs for classiﬁcation [25]. Therefore, it is necessary to select the feature
pairs with exact relationships, and then transform the
feature pairs into new single features for classiﬁcation.
For continuous data, there are known feature transform methods, which construct new features from the original features [26] (e.g., the feature construction based
on k-nearest neighbors (FeatKNN) algorithm [17]). For
binary data, there is the possibility that samples with
similar values of feature pairs are from diﬀerent classes.
In this case, the feature transform method for continuous data does not work for binary data, since the value
of a new feature may have a high variance. Furthermore,
the known feature transform methods always focus on
feature pairs for classiﬁcation. Therefore, in order to
enhance classiﬁcation, it is necessary to develop feature
selection algorithms that take both genes and gene pairs
into consideration.
In this work, we developed a new algorithm to select
feature genes and feature gene pairs on binary-value gene
expression data for two-phenotype classiﬁcation. We initially selected the genes and gene pairs closely related
with phenotypes. Then, we constructed new features
based on the relationships between gene pairs and phenotypes, and eliminated the redundant new features. Finally, the feature subset with the minimum classiﬁcation
error was obtained by wrapper based forward feature selection. The proposed algorithm took full advantage
of genes and gene pairs on binary-value gene expression
data. We tested the algorithm on four public datasets.
The results showed that the algorithm had better performance than the four known algorithms MIFS, MICE,
LFS, and FeatKNN.

2
2.1

Materials and Methods
Dataset

The subtypes of NSCLC dataset was obtained by selecting genes from a dataset presented in [27]. The dataset
presented in [27] contained the binary expression data of
40,233 genes in 210 adenocarcinoma (AC) samples and
144 squamous cell carcinoma (SCC) samples. We selected 2,765 genes from 40,233 genes whose expression data
in AC samples were likely diﬀerent with those in SCC
samples. The samples were arranged in the order that
the front 210 samples were AC samples and the last samples were SCC samples. The subtypes of NSCLC dataset
contained a gene data and a phenotype proﬁle data. The
gene data was a 2765 × 354 matrix, where each row represented a gene and each column meant a sample. The
phenotype proﬁle data was a 2 × 354 matrix, where the
ﬁrst row represented AC and the second row meant SCC,
and each column represented a sample. The detail information about the gene data and the phenotype proﬁle
data in the subtype of NSCLC dataset were presented in
the Supplementary Material.
The NSCLC-normal dataset was from the binary expression data of 40,233 genes in 46 NSCLC samples and
45 normal samples [27]. We selected 5,764 genes whose
expression data in NSCLC samples were likely diﬀerent
from those in normal samples. The obtained NSCLCnormal dataset included a 5764 × 91 gene data matrix
and a 2 × 91 phenotype proﬁle data matrix, where the
ﬁrst row of the phenotype proﬁle data matrix represented NSCLC and the second one represented normal. For
more information about the gene data matrix and phenotype proﬁle data matrix please refer to the Supplementary Material.
The Arabidopsis dataset were from European Bioinformatics Institute (EBI) and the National Center for
Biotechnology Information (NCBI). The 47 samples in
long day condition were from E-ATM-1304, E-GEOD6906, E-MEXP-1299, and GSE11708. The 72 samples in
short day condition were from E-ATM-1304, E-GEOD6906, E-MEXP-1299 and GSE11708. Each sample contained the raw data of 22,875 probes. We converted the
raw data to the binary expression data by the MAS5.0
algorithm, and selected the probes which detected single
genes by the correspondence between probes and genes.
Then, we selected 1,079 genes whose expression data in
long day condition were likely diﬀerent with those in
short day condition. Finally, we obtained the binary data of 1,079 genes in 47 long day condition samples and
72 short day condition samples. The gene data of the
dataset was a 1079 × 119 matrix, and the phenotype proﬁle data of the dataset was a 2 × 117 matrix, where the
ﬁrst row of the phenotype proﬁle data matrix represented Arabidopsis in long day condition and the second one
represented Arabidopsis in short day condition (see the
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Supplementary Material).
According to the resistance to phytophthora sojae, soybean cultivars mainly falled into two categories:
plants resistant to phytophthora sojae (resistant cultivars) and those susceptible to phytophthora sojae (susceptible cultivars). The soybean dataset from GSE9687
contained the raw data of 61,170 probes in 46 resistant samples and 45 susceptible samples. We selected the
genes whose expression data in resistant cultivars samples were likely diﬀerent with those in susceptible cultivars samples, and we obtained the binary expression
data of 3992 genes in 46 resistant samples and 45 susceptible samples. The gene data of the soybean dataset
was a 3992 × 91 matrix. The phenotype proﬁle data of
the soybean dataset was a 2 × 91 matrix, where the ﬁrst
row represented resistant cultivars and the second row
represented susceptible cultivars (see the Supplementary
Material).

Conf (fil (A) = B) is calculated as follows:
Conf (fil (A) = B) =

p11
,
p10 + p11

where p11 is the joint probability of the occurrence of
(1, 1) for the logic function fil (A); p10 is the joint probability of the occurrence of (1, 0) for the class B.
The conﬁdence Conf (fil (A) = B) is used to identify
the type of the relationship between feature A and class
B. Speciﬁcally, if Conf (fil′ (A) = B) is the maximum of
Conf (f1l (A) = B) and Conf (f2l (A) = B), then the exact
relationship between feature A and class B is considered
to be the lower logic relationship fil′ .
Let fil′ be the exact lower logic relationship between
feature A and class B, then the reverse uncertainty coeﬃcient U (A|B), representing how well the feature A is
described by the class B under the function fil′ , is deﬁned
as follows:
U (A|B) = U (fil′ (A)|B)

2.2

Calculation of closeness between features and classes

In this work, features or feature pairs closely related with
classes are selected by calculating the closeness between
features or feature pairs and classes. The closeness measures the extent that features or feature pairs are related
with classes. The extent that a class is described by a
feature or feature pair contributes to the closeness between the feature or feature pair and the class. Besides,
the extent that a feature or feature pair is described by
a class also contributes to the closeness. In what follows,
we present the deﬁnition of the closeness between a feature and a class, and then the deﬁnition of the closeness
between a feature pair and a class.
The uncertainty coeﬃcient U (B|fil (A)) represents
how well a class B is described by a feature A under
a lower logic function fil . The value of U (B|fil (A)) is
calculated as follows:

=

H(fil′ (A)) + H(B) − H(fil′ (A), B)
,
H(fil′ (A))

(2)

where H(fil′ (A)), H(B), H(fil′ (A), B) have the same
meaning as those in e.q (1).
The closeness between feature A and class B, denoted
by U (A, B), is deﬁned as:
U (A, B) =

U (B|A) + U (A|B)
.
2

Similarly, the uncertainty coeﬃcient U (C|fjh (A, B))
represents the degree to which the higher logic combination fjh (A, B) of features A and B describes class C.
The value of U (C|fjh (A, B)) is (H(C) + H(fjh (A, B)) −
H(C, fjh (A, B))))/H(C), where h is the symbol for higher logic functions; j ∈ {1, 2, 3, 4, 5 1, 5 2, 6 1, 6 2, 7, 8};
H(C) and H(fjh (A, B)) are the entropy of C and
fjh (A, B), respectively; H(C, fjh (A, B)) is the joint entropy of C and fjh (A, B).
l
l
(A))
−
H(B,
f
(A)))
H(B)
+
H(f
i
i
The uncertainty coeﬃcient for class C given feaU (B|fil (A)) =
, (1)
H(B)
tures A and B, denoted by U (C|A, B), is the maximum
of the values U (C|fjh (A, B), j ∈ {1, 2, 3, 4, 5 1, 5 2, 6 1,
where i ∈ {1, 2}; l is the symbol for lower logic function- 6 2, 7, 8}. If the value
of U (C|A, B) is greater than a
s; H(B) is the entropy of B; H(fil (A)) is the entropy of given threshold, then it means that there is a higher logfil (A); H(B, fil (A)) is the joint entropy of B and fil (A). ic relationship between features A, B and class C.
The uncertainty coeﬃcient for B given A, denotThe conﬁdence of C = fjh (A, B), denoted by
ed by U (B|A), is the maximum of U (B|f1l (A)) and
Conf (fjh (A, B) = C), is calculated as follows:
U (B|f2l (A)). By the fact that H(f1l (A)) = H(f2l (A))
and H(B, f1l (A)) = H(B, f2l (A)), we have U (B|A) =
p′
Conf (fjh (A, B) = C) = ′ 11 ′ ,
U (B|f1l (A)) = U (B|f2l (A)). If the value of U (B|A) is
p10 + p11
greater than a given threshold, then it means that there
is a relationship between feature A and class B.
where p′11 represents the joint probability of occurrence
l
The conﬁdence of B = fi (A), denoted by of (1, 1) for the higher logical relationship fjh (A, B); p′10
Conf (fil (A) = B), represents the probability of the re- represents the joint probability of occurrence of (1, 0) for
lationship B = fil (A) between A and B. The value of the class C. The conﬁdence Conf (fjh (A, B) = C) is
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used to identify the type of the relationship between features A, B and class C. Speciﬁcally, if Conf (fjh′ (A, B) =
C) = max{Conf (fjh (A, B) = C) | U (C|fjh (A, B)) =
U (C|A, B)}, then the exact relationship between features
A, B and class C is considered to be the higher logic relationship fjh′ .
Let fjh′ be the exact higher logic relationship between
features A, B and class C, then the reverse uncertainty
coeﬃcient U (A, B|C), representing how well the feature
pair (A, B) is described by the class C under the logical
function fjh′ between features A, B and class C, is deﬁned
as follows:
U (A, B|C) = U (fjh′ (A, B)|C)
=

H(C) + H(fjh′ (A, B)) − H(C, fjh′ (A, B)))
H(fjh′ (A, B))

2.3

2.4

U (C|A, B) + U (A, B|C)
.
2

Selection of features and feature
pairs

In this work, we refer to features or feature pairs, which
could be used to achieve the desired classiﬁcation accuracy, as the eﬀective features or feature pairs. In order to
select the eﬀective features, we take the following two hypotheses: The eﬀective features are the features closely
related with the class; If a feature is closely related with
the class, then a feature pair which contains the feature
is also closely related with the class.
Suppose the number of features is n, and the class
is C. We obtain the feature set SS which contains m
eﬀective features and m eﬀective feature pairs as follows
(where we suppose that n is largely greater than m):

Calculation of redundancy

Several methods have been proposed to measure the dependency of variables, such as mutual information, entropy, and cross entropy. In what follows, we introduce
the notion of cross entropy that was used in this work to
compute the redundancy of a feature set [22].
The cross entropy of f (X) and g(X), denoted by
D(f (X), g(X)), measures the diﬀerence of two probability distributions f (X) and g(X). The value of
D(f (X), g(X)) is calculated as:

,

where j ′ ∈ {1, 2, 3, 4, 5 1, 5 2, 6 1, 6 2, 7, 8}; H(C) and
H(fjh′ (A, B)) are the entropy of C and fjh′ (A, B), respectively; H(C, fjh′ (A, B)) is the joint entropy of C and
fjh′ (A, B).
The closeness between feature pairs (A, B) and class
C is deﬁned as follows:
U ((A, B), C) =

(f) Repeat steps (b)-(e), until m features and m feature pairs are obtained.

D(f (X), g(X)) =

∑

f (X)log

f (X)
.
g(X)

If f (X) is equal to p(x1 , x2 · · · , xn ) and g(X) is
equal
to p(x1 )p(x2 ) · · · p(xn ), then D(f (X), g(X)) is
∑ ∑
· · · p(x1 , · · · , xn )log[p(x1 , · · · , xn )/p(x1 ) · · · p(xn )].
For convenience, D(f (X), g(X)) is written as Dn for
short.
If x1 , · · · , xn are independent, then p(x1 , · · · , xn )
is equal to p(x
p(xn ). Then, Dn = 0. Oth1 ) · · ·∑
∑
erwise,
D
is
·
·
·
p(x1 , · · · , xn )logp(x1 , · · · , xn ) −
n
∑n
p(x
)logp(x
).
In
this
i
i∑
i=1
∑ case, Dn > 0.
Let S ∑
= − · · · p(x1 , · · · , xn )logp(x1 , · · · , xn )
n
and Si = − i=1 p(xi )logp(xi ), then
Dn = −S +

n
∑

Si .

(3)

i=1

Since Si ≤ S (i = 1, 2, · · · , n), we have
S1 + S2 + · · · + Sn ≤ nS.

(4)

By e.q. (3) and e.q. (4), we have Dn = S1 + S2 +
· · · + Sn − S ≤ (n − 1)S. So, Dn can be normalized
as D̄n = (S1 + S2 + · · · + Sn − S)/((n − 1)S), where
0 ≤ D̄n ≤ 1.
In general, D̄n measures the dependency of n variables. The larger the value of D̄n is, the more dependent
the variables are. In order to select independent features, the threshold of independence should be set. If
(a) Suppose F = {g1 , g2 , · · · , gn }, and SS = ∅;
the threshold of independence is T , and a feature set has
(b) Calculate the closeness between feature gi and class D̄n ≤ T , then the features in this feature set are considC, where i ∈ {1, 2, · · · , n};
ered to be independent.
(c) Select the feature gi∗ which has the largest closeness with class C, add gi∗ into SS, and delete gi∗
from F ;

2.5

Elimination of redundant features

Let SS = {gi1 , gi2 , · · · , gi2m } be a feature set with fea(d) Calculate the closeness between feature pair tures ordered by their values of closeness with a class
(that is, the ﬁrst element of the set represents the fea(gi∗ , gj ) and class C, where gj is a feature in F ;
ture with the largest closeness value with the class, and
(e) Select the feature pair (gi∗ , gj∗ ) which has the largest the last one is the feature with the smallest closeness valcloseness with class C, add (gi∗ , gj∗ ) into SS, and ue with the class), we eliminate the redundant features
delete gj∗ from F ;
and obtain the non-redundant feature set S as follows:
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(a) Set S = {gi1 }, j = 2 and the threshold of indepen- (n1 −1)σ1,i +(n2 −1)σ2,i , σt,i is the standard deviation of
(n1 +n2 −2)
dence be T .
gene i in Ct , nt is the number of samples in Ct , t ∈ {1, 2}.
The classiﬁer LDA aims to ﬁnd a linear projection
(b) If j ≤ 2m, calculate D̄n (S ∪ {gij }).
matrix
based on the training data, to make the ratio of
If D̄n (S ∪ {gij }) < T , then S = S ∪ {gij } and
the
variance
between the classes to the variance within
go to step (c).
the
classes
as
large as possible. The work ﬂow of LDA
If D̄n (S ∪ {gij }) ≥ T , then go to step (c).
is
as
follows:
establish
the linear discriminant function
If j = 2m + 1, stop.
based on the training data, and determine the class number of a sample by the linear discriminant function.
(c) Set j = j + 1, go to step (b).
2

2.6

Matching rate

The matching rate of a gene or gene pair is deﬁned as
follows:
n
M (g) = ,
N
where g represents a gene or gene pair; n represents the
number of samples in which the value of a gene or gene
pair under a logic function is equal to the value of a phenotype (the value of a phenotype in a sample is either 0
or 1, meaning the absence or presence of a phenotype);
N represents the number of all samples.
The matching rate of a gene or gene pair is used to
evaluate the ability of a gene or gene pair for classiﬁcation. Suppose X is a feature set, then the mean value of
the matching rate of all elements in X is the matching
rate of X, denoted by Ratio(X).

2.7

Classiﬁer

In this work, the following three classiﬁers were used for
the comparison of the classiﬁcation performance: Naive
Bayes, diagonal linear discriminant (DLD) and linear discriminant analysis (LDA), since it was reported that they
were among the most eﬃcient classiﬁers for microarray
data classiﬁcation [28, 29]. In what follows, we brieﬂy
introduce these three classiﬁers.
Naive Bayes is based on the Bayesian theory. Suppose
there are n features X = {x1 , x2 · · · , xn }, as well as two
classes C = {C1 , C2 }. According to the Bayesian theory,
the probability of a sample belongs to Ci , i ∈ {1, 2}, is
i )p(Ci )
p(Ci |X) = p(X|C
. Suppose the attributes are indep(X)
∏n
pendent, then p(X|Ci ) = k=1 p(xk |Ci ). If p(Ci |X) ≥
p(Cj |X), then a sample is classiﬁed into the class Ci ,
where j ∈ {1, 2} and j ̸= i.
The classiﬁer DLD turns out the minor variant of
samples. Suppose the gene expression data is x =
(x1 , x2 · · · , xn ), and the class number is either 1 or 2.
The DLD axis a is computed as follows:

2.8

2

Error estimation

In order to evaluate the classiﬁcation performance of a
feature set, the classiﬁcation error rate of a feature set are
calculated. Cross-validation is the most commonly used
error estimate method [35, 36]. However, it was pointed
that this method is not the best method for classiﬁcation on the small-sample microarray data [30]. That is
because the randomly selected samples lead to the large
diﬀerence of error estimation of a feature set for classiﬁcation. The 0.632 bootstrap estimator could help to solve
this problem. So, in this work, we use the 0.632 bootstrap estimator for error estimation. In what follows, the
0.632 bootstrap estimator is brieﬂy introduced.
We randomly select samples from original samples
with replacement for n0 times, and obtain n0 training samples. Several of these training samples may be
the same. The original samples which are not included in training samples are testing samples. The probability that an original sample is a training sample is
(1 − n10 )n0 ≈ e−1 ≈ 0.368. In other words, the training set contains about 63.2% original samples and the
testing set contains about 36.8% original samples. The
estimation of the error rate of a feature set, denoted by
err, is calculated as follows: err = 0.632e1 + 0.368e2 ,
where e1 represents the error rate estimation of the feature subset in the training set, and e2 denotes the error
rate estimation of the feature subset in the testing set.

2.9

Selection of the optimal feature set

In order to improve classiﬁcation performance, the optimal feature subset deserves to be chosen from the nonredundant features which are closely related with classes.
The ﬁlter methods and the wrapper methods are two categories of feature selection methods. The ﬁlter methods
need less computation, but they could not select the most
relevant feature set for classiﬁers. The wrapper methods could ﬁnd the better features for classiﬁers, but they
−1
a = M (µ1 − µ2 ),
(5) need more computational time [22]. In this work, we use
a wrapper algorithm to select an optimal feature set from
where µ1 and µ2 are the mean values of the gene ex- non-redundant features.
Suppose there are p non-redundant features
pression data in C1 and C2 , respectively; M is a diagonal variance matrix, and its element (i, i) is σi2 = {g1 , · · · , gp } which are closely related with the class
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C, and a given classiﬁer M . The algorithm to select the
optimal feature set from these features is as follows:
(a)
(b)
(c)
(d)

In this way, all genes in each dataset are classiﬁed into
two categories: non-diﬀerentially expressed genes and diﬀerentially expressed genes.
Let S = {g1 , · · · , gp }, and R = ∅;
For each dataset, we randomly selected 100 genes to
obtain a gene set for 1000 times, and calculated the avThe error rate estimation erri for set {gi } is calcuerage matching rate of the 1000 gene sets (for the notion
lated by 0.632 bootstrap estimator, i = 1, · · · , p;
of matching rate). We found that the non-diﬀerentially
If erri∗ = min{err1 , err2 , · · · , errp }, then R = expressed genes had less ability for classiﬁcation. Thus,
it is reasonable to select diﬀerentially expressed genes for
R ∪ {gi∗ }, S = S − {gi∗ }, and min err = erri∗ ;
classiﬁcation.
For gj ∈ S, the error rate estimation errj for
R∪{gj } is calculated by 0.632 bootstrap estimator;

3.2

(e) If errj ∗ = min{errj |gj ∈ S}, then new min err =
errj ∗ ;

Identiﬁcation of feature genes and
feature gene pairs

We identiﬁed feature genes and feature gene pairs based
(f) If new min err < min err, then min err = on the following two assumptions: the eﬀective features
new min err, R = R ∪ {gj ∗ }, and S = S − {gj ∗ }; or feature pairs are closely related with the classes; if
a feature is closely related with a class, then a feature
If new min err ≥ min err, then S = S − {gj ∗ };
pair that contains the feature is also closely related with
(g) Repeat steps (d)-(f), until min err = 0 or S = ∅.
the class. In what follows, we show the validity of these
assumptions.

3

1

Results and discussion

Real
Random
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We proposed a feature selection algorithm based on genes
and gene pairs (FSGGP) for two-phenotype classiﬁcation
0.7
on binary-value gene expression data. The algorithm F0.6
SGGP has three stages. In the ﬁrst stage, we select the
0.5
0
50
100
150
200
genes and gene pairs which are closely related with the
Number
phenotypes by the values of closeness between genes or
(a) Genes
gene pairs and phenotypes. In the second stage, the redundant features are eliminated by calculating the cross
entropy. In the third stage, the feature subset with the
minimum classiﬁcation error is obtained by the wrapper based forward feature selection. To test the eﬃcacy of the proposed method, we designed comparison experiments on four public datasets: the subtypes of nonsmall cell lung cancer (NSCLC) dataset, the NSCLCCorrelation
normal dataset, the Arabidopsis dataset and the soybean
(b) Gene pairs
dataset. The results of comparison showed that the algorithm FSGGP is eﬀective for feature selection.
Figure 1. The correlation between the ability of
a gene (gene pair) set for classiﬁcation and the
number of genes (gene pairs). ‘Ratio’ denotes the
3.1 Diﬀerentially expressed genes
matching rate of a gene (gene pair) set. We randomly
The following four datasets were used in this work: the select the same number of genes (gene pairs) with that
subtypes of NSCLC dataset, the NSCLC-normal dataset, in each ‘Real’ set to obtain a ‘Random’ set.
the Arabidopsis dataset and the soybean dataset. If the
proportions of ‘1’ in the binary data of a gene in diﬀerent
We ranked the genes and the gene pairs in the declasses have a large diﬀerence, then the expression data scending order, respectively, based on their values of
of the gene in one class is considered to be diﬀerent with closeness with the classes (for the notion of closeness and
that in another class, and the gene is assumed to be good the calculation of closeness values. That is, the gene with
for classiﬁcation, where a class means a phenotype. In the highest closeness value had rank value 1, and the one
this work, if the diﬀerence between proportions is greater with the lowest closeness value had the lowest rank. Simthan 0.2, then the gene is selected for further analysis. ilarly, we computed the closeness values between gene
The reasonableness of the setting of the parameter will pairs and the classes, and then deﬁned the ranking of
be explained in the ‘Eﬃciency of parameters’ subsection. gene pairs based on the closeness values. We selected
Real
Random

1

Ratio

0.9

0.8

0.7

0.6

0.5
0

0.705

0.68

0.655

0.63

0.605
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the top 10i genes and the top 10i gene pairs to form a
feature set, where i = 1, 2, · · · , 20. In this way, we got 20
feature sets, and calculated the matching rates of these 20
feature sets. From the results on the subtypes of NSCLC
dataset, we found that the matching rates of feature sets
decreased with the increase of the numbers of elements
in feature sets (Fig.1(a) and Fig.1(b)). The increase of
the numbers of elements in feature sets meant the decrease of the average value of closeness of the elements
in the feature sets, since the genes or gene pairs were
ranked by the values of closeness. Besides, the matching rates of the selected feature sets were much greater
than those of randomly selected features (Fig.1(a) and
Fig.1(b)). We further analyzed the correlation between
the matching rates of feature sets and the numbers of
elements of feature sets on the other three datasets: the
NSCLC-normal dataset, the Arabidopsis dataset and the
soybean dataset, and obtained similar results. In general,
all results showed that the higher the closeness of genes
or gene pairs with the classes is, the higher the ability
of the genes or gene pairs for classiﬁcation is, which suggested that it is reasonable to select genes or gene pairs
by the values of closeness for classiﬁcation.

matching rate greater than 0.920 and 0.940, respectively. The distribution of the values of the closeness of these
genes and gene pairs with classes were shown in Fig.2(a)
and Fig.2(b). From the ﬁgures, we found that the gene
with high matching rate was more likely to have high
closeness value. Similar results were also observed on
the other three datasets: the NSCLC-normal dataset,
the Arabidopsis dataset and the soybean dataset. The
above analysis showed that the eﬀective features or feature pairs were closely related with the classes, which
further suggested that it is reasonable to select genes or
gene pairs by the values of closeness for classiﬁcation.
In what follows, we validate another assumption: if a
feature is closely related with a class, then a feature pair
that contains the feature is also closely related with the
class. We selected the gene pairs whose closeness values
were greater than 0.7, and considered the rank values of
the genes contained in these gene pairs. For the subtypes of NSCLC dataset, there were 44 gene pairs with the
closeness values greater than 0.7.
20

15

Number

14
Genes
High ratio genes

12

Number

10

10

5

8
6

0
0

4

2

4

6

8

Sequence Number

2
0

0.55

0.6

0.65

0.7

0.75

Correlation

(a) Closeness between genes and phenotypes
14000

Gene pairs
High ratio gene pairs

12000

Number

10000

Figure 3. The distributions of the values of rank
about genes. The genes with large closeness with
phenotypes are used to construct gene pairs. For a gene
pair, the smaller one of the rank values of the two genes
contained in the gene pair are taken into consideration.

8000
6000
4000
2000
0

0.55

0.6

0.65

0.7

0.75

0.8

Correlation

(b) Closeness between gene pairs and phenotypes

Figure 2. The distributions of closeness. ‘High
ratio genes’ represents the distributions of the closeness
between the genes with great ability for classiﬁcation
and phenotypes. ‘Genes’ represents the distribution of
the closeness between all genes and phenotypes. ‘High
ratio gene pairs’ represents the distributions between
the closeness of the gene pairs with great ability for
classiﬁcation and phenotypes. ‘Gene pairs’ represents
the distribution of the closeness between all gene pairs
and phenotypes.

The distribution of the rank values of the genes contained in these 44 gene pairs was shown in Fig.3. The
smallest rank value was 1, and the largest one was 4.
Note that if a gene had smaller value of rank, then the
closeness between the gene and the class was higher. So,
the distribution shown in Fig.3 suggested that the gene
pair with large closeness value contained a gene closely
related with the class, which showed that it is reasonable
to assume that if a feature was closely related with a
class, then a feature pair containing the feature was also
closely related with the class.

3.3

Selection of the optimal gene set

In order to check whether the selected feature sets are
over ﬁtted, for each of the above mentioned datasets,
we selected the optimal feature sets for classiﬁers: Naive
For the subtypes of NSCLC data, the largest match- Bayes, diagonal linear discriminant (DLD) and linear dising rate of genes and gene pairs were 0.930 and 0.955, criminant analysis (LDA), respectively.
For the subtypes of NSCLC dataset, the optimal
respectively. We selected the genes and gene pairs with
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feature set for classiﬁer Naive Bayes contained seven
elements, which were singles genes JAK1, CLEC4D,
SEC16B and RBM14, and gene pairs (SLC18A2, IFNE ),
(FAM62B, FLJ31222 ) and (TAS2R39, NDUFS4 ). The
optimal feature set for classiﬁer DLD contained ten elements, which were seven single genes ATOH7, C7orf45,
C1orf211, FAM160B1, ABCC13, SEC16B and DIP2A,
and three gene pairs (SLC18A2, IFNE ), (FAM62B,
FLJ31222 ) and (TAS2R39, NDUFS4 ). It was found
that the gene pairs included in the optimal feature set
for DLD were the same with those for Naive Bayes.
The optimal feature set for classiﬁer LDA contained
seven elements, which were two single genes TOR1A
and MBD1, and ﬁve gene pairs (SLC18A2, IFNE ),
(FAM62B, FLJ31222 ), (TAS2R39, NDUFS4 ), (SETMAR, KLHL29 ) and (ST3GAL3, C7orf34 ). We found
that (SLC18A2, IFNE ), (FAM62B, FLJ31222 ) and
(TAS2R39, NDUFS4 ) were also included in the feature
set for DLD, which suggested that gene pairs (SLC18A2,
IFNE ), (FAM62B, FLJ31222 ) and (TAS2R39, NDUFS4 ) were important for classiﬁcation of subtypes of NSCLC. Although few of the above genes have been conﬁrmed to be related with the subtypes of NSCLC, these
gene pairs displayed diﬀerent roles in diﬀerent subtypes of NSCLC. The mean error rates of the obtained
optimal feature sets for Naive Bayes, DLD and LDA
were 0.0196, 0.0180 and 0.0211, respectively. Thus, the
classiﬁer DLD had best performance for the classiﬁcation of the subtypes of NSCLC, with the corresponding
feature genes ATOH7, C7orf45, C1orf211, FAM160B1,
ABCC13, SEC16B, DIP2A, SLC18A2, IFNE, FAM62B,
FLJ31222, TAS2R39, NDUFS4.
For the NSCLC-normal dataset, the optimal feature
sets for Naive Bayes, DLD and LDA were same, which
contained only one gene MAD2L1. The gene MAD2L1
is necessary for progression through the cell cycle [33],
and this gene has been proposed to be one of the potential biomarkers for NSCLC [34]. Our result supported
that the gene MAD2L1 was a potential biomarker for
NSCLC. Furthermore, all of the three classiﬁers Naive
Bayes, DLD and LDA, with the gene MAD2L1 as the
feature set, had good performance for the classiﬁcation
of NSCLC and normal samples.
For the Arabidopsis dataset, classiﬁer LDA had
the minimum classiﬁcation error, with the corresponding feature set containing genes AT1G74010, MRN,
KNAT1, ATHB33, AT5G16980, AGL42, AT1G60270,
AT1G10640, and gene pairs (MBP1, AT3G51720 ) and
(AT4G37970, WAK1 ).
For the soybean dataset, classiﬁer Naive Bayes had
the minimum classiﬁcation error rate, with the corresponding feature set containing genes LOC100305826,
LOC100305528, LOC100305844, LOC547584 and
LOC100305819. All of these genes encode uncharacterized proteins, which suggested that these genes were

good candidates for the identiﬁcation of the resistant
and susceptible cultivars.
Table 1. The signiﬁcance of the selected feature
sets on four datasets
Data

Classifier

1
2
3
4

DLD
Bayes
LDA
Bayes

Error rate
Selected feature
Mean(std)
0.047 ± 0.005
0.048 ± 0.005
0
0
0.081 ± 0.023
0.145 ± 0.056
0.147 ± 0.018
0.289 ± 0.059

‘1’ represents the subtypes of NSCLC dataset. ‘2’ represents the
NSCLC-normal dataset. ‘3’ represents the Arabidopsis dataset. ‘4’
represents the soybean dataset. ‘Selected feature’ represents the error
rate for the selected feature set. ‘Mean(std)’ represents the average
error rate for 1000 runs.

We carried out the 0.632 bootstrap estimator to
check the signiﬁcance of the selected feature set for each
dataset. We repeated the experiments for 1000 times.
The average error rates and the standard deviations were
shown in Table 1. We can observe that the selected feature sets were not over ﬁtted.

3.4

Eﬃciency of parameters

The parameters considered in this work included the ratio for selecting diﬀerent expressed genes in the data processing, the number of feature genes and gene pairs m,
the threshold of independence T for eliminating redundant feature genes and gene pairs.
In the data processing, we set the ratio for selecting
diﬀerent expressed genes to be 0.05, 0.10, 0.15, 0.20, 0.25,
0.30, 0.35, 0.40, 0.45, 0.50, and examined the corresponding classiﬁcation error rates, respectively. The classiﬁcations had the same error rate when the ratio was 0.05,
0.10, 0.15 and 0.20. When the ratio was greater than 0.2,
the classiﬁcation error rate increased. So, it is reasonable
to set the ratio to be 0.2.
In the process of selecting feature genes and gene
pairs, diﬀerent values of m led to diﬀerent feature sets. In what follows, the relationship between the values
of m and the error rates was discussed. If the value of m
was small, then the error rate may be high. On the other
hand, if the value of m was large, then the complexity of
computation increased. So, in our experiments, we take
m = 10, 20, 30, 50, 80, 100, 150, 200.
For classiﬁer Naive Bayse, the classiﬁcation on the
subtypes of NSCLC dataset had the minimum error rate
when m was 100. We also examined the relationship between the values of m and the error rates on the NSCLCnormal dataset, and found that all classiﬁcations with
diﬀerent values of m had the minimum error rate zero.
When m was greater than 100, the minimum error rate
decreased slowly with the increase of the value of m on
the Arabidopsis dataset. On the soybean dataset, the
classiﬁcation had minimum error rate when m was near-
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ly 100.

dataset.
0.16
AC/SCC
NSCLC/Normal
Longday/Shortday
Resistent/Susceptible

0.14

Error rate

0.12
0.1
0.08
0.06
0.04
0.02
0
0

50

100

150

200

m

(a) DLD
0.14
AC/SCC
NSCLC/Normal
Longday/Shortday
Resistent/Susceptible

0.12

Error rate

0.1
0.08
0.06
0.04
0.02
0
0

50

100

150

200

(1) MIFS algorithm utilizes the maximization of mutual information between features and classes to select
useful features for classiﬁcation [21]. (2) MICE algorithm is based on mutual information [22]. This algorithm
is a two stage algorithm. In the ﬁrst stage, the gene set,
whose elements are single genes, is created by the mutual
information and the cross entropy. In the second stage,
a forward feature selection is used to ﬁnd the feature
subset that minimizes classiﬁcation error. (3) LFS algorithm is derived from Sequential Forward Selection, and
it reduces the number of attributes expansion in each forward selection step [23]. (4) FeatKNN algorithm selects
the most informative gene pairs by a heuristic search [17].
For each selected gene pairs, the new feature is constructed based on the k-nearest neighbors algorithm. Note that
the algorithms MIFS, MICE, and LFS select only single
genes for classiﬁcation, and the algorithm FeatKNN selects only gene pairs for classiﬁcation.
Table 2. Classiﬁcation error rates for feature
sets selected by diﬀerent algorithms

m

(b) LDA

Figure 4. The correlation of the error rates and
the values of m for classiﬁer DLD and LDA. We
rank the genes and gene pairs in the descending order
by the values of closeness, respectively. We select the
top m genes and the top m gene pairs to form a feature
set, where m = 10, 20, 30, 50, 80, 100, 150, 200.
‘AC/SCC’ represents the subtypes of NSCLC dataset.
‘NSCLC/Normal’ represents the NSCLC-normal
dataset. ‘Longday/Shortday’ represents the Arabidopsis
dataset. ‘Resistant/Susceptible’ represents the soybean
dataset. ‘Error rate’ denotes the classiﬁcation error rate
obtained by 0.632 bootstrap estimator.
For classiﬁers DLD and LDA, the error rate decreased
with the increase of the value of m. In general, on the
four datasets, the classiﬁcations had the minimum error
rate when m = 100 (Fig.4(a) and Fig.4(b)). So, we take
m = 100 in the process of selecting feature genes and
gene pairs.
In our experiment, the value of T was varied from
0.1 to 0.9 with step size 0.1, and it was observed that
the non-redundant sets were the same for the values between 0.4 and 0.9. So, we take T = 0.5 in the process of
eliminating redundant feature genes and gene pairs.

3.5

Performance analysis

We compared the algorithm FSGGP with four known algorithms (MIFS, MICE, LFS, and FeatKNN) on the four
datasets: the subtypes of NSCLC dataset, the NSCLCnormal dataset, the Arabidopsis dataset, the soybean

1

2

3

4

Algorithm
MIFS
MICE
FeatKNN
LFS
FSGGP
MIFS
MICE
FeatKNN
LFS
FSGGP
MIFS
MICE
FeatKNN
LFS
FSGGP
MIFS
MICE
FeatKNN
LFS
FSGGP

Classification error rate
Bayes
DLD
LDA
0.047 ± 0.004
0.048 ± 0.004
0.040 ± 0.016
0.055 ± 0.007
0.303 ± 0.013
0.043 ± 0.013
0.110 ± 0.006
0.406 ± 0.008
0.041 ± 0.008
0.030 ± 0.004
0.190 ± 0.063
0.037 ± 0.008
0.019 ± 0.003
0.018 ± 0.006
0.021 ± 0.003
0
0
0
0
0
0
0
0.482 ± 0.010
0.060 ± 0.015
0
0
0
0
0
0
0.080 ± 0.023
0.145 ± 0.055
0.056 ± 0.027
0.090 ± 0.000
0.443 ± 0.001
0.029 ± 0.004
0.107 ± 0.012
0.394 ± 0.013
0.049 ± 0.019
0.058 ± 0.029
0.304 ± 0.037
0.028 ± 0.016
0.057 ± 0.016
0.090 ± 0.013
0.019 ± 0.018
0.146 ± 0.017
0.289 ± 0.058
0.157 ± 0.025
0.057 ± 0.035
0.175 ± 0.001
0.034 ± 0.010
0.116 ± 0.015
0.487 ± 0.009
0.119 ± 0.002
0.107 ± 0.024
0.045 ± 0.015
0.039 ± 0.012
0.001 ± 0.004
0.018 ± 0.003
0.011 ± 0.019

‘1’ represents the subtypes of NSCLC dataset. ‘2’ represents the
NSCLC-normal dataset. ‘3’ represents the Arabidopsis dataset. ‘4’
represents the soybean dataset.

In our experiment, we used 0.632 bootstrap estimator
for the error estimation. Table 2 showed the classiﬁcation
error rates of algorithms MIFS, MICE, LFS, FeatKNN and FSGGP on the subtypes of NSCLC dataset, the
NSCLC-normal dataset, the Arabidopsis dataset and the
soybean dataset. For all of the four datasets, the error
rates of FSGGP were about 0.0197, that is, the classiﬁcation accuracy was 98.03% on average, which meant that
the performance of FSGGP was better than the other
four known algorithms. This result suggested that classiﬁcation algorithms based on both genes and gene pairs
could achieve better performance than those based on
either single genes or gene pairs.
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We compared the time complexity of MIFS, MICE, List of abbreviations
LFS, FeatKNN and FSGGP. Suppose that the number of
genes is n, and the number of genes or gene pairs select- The abbreviations are listed according to their appeared for classiﬁcation is p. The time complexity of MIFS ance in the paper.
is O(n), and that of FeatKNN is O(pn). The time com• FSGGP—Feature selection algorithm based on
plexity of LFS is O(pn)+O(p2 ). The time complexity for
genes and gene pairs;
MICE to have the non-redundant features is O(n2 ), and
p features are found with a complexity O(p2 ). The time
• The binary data—The binary-value gene exprescomplexity of FSGGP to select genes and gene pairs is
sion data;
O(mn), where m was the number of obtained features,
the redundant genes and gene pairs were eliminated with
• The continuous data—The gene continuous expresthe complexity O(m2 ), and the optimal feature set was
sion data;
obtained with the complexity O(p2 ). So, the time com• MIFS—The mutual information based feature seplexity of FSGGP was O(mn) + O(m2 ) + O(p2 ). Since
lection algorithm;
the number of genes n was generally far greater than the
number of selected feature genes and gene pairs m, the
• MICE—The mutual information and cross entropy
time complexity of FSGGP was grater than that of MIFS
algorithm;
and FeatKNN, and smaller than that of MICE. That is,
the algorithm FSGGP had a moderate time complexity
• LFS—The linear forward selection algorithm;
compared with the four known algorithms.
• FeatKNN—The feature construction based on knearest neighbors algorithm;
• NSCLC—Non-small cell lung cancer;

4

Conclusions

• AC—Adenocarcinoma;
• SCC—Squamous cell carcinoma;

In this work, we have proposed a feature selection algorithm FSGGP for two-phenotype classiﬁcation on the
binary-value gene expression data. The main idea of the
proposed algorithm is that the identiﬁcation of the exact relationships between genes or gene pairs and phenotypes may improve classiﬁcation performance, and the
selection of both genes and gene pairs as features may
also improve classiﬁcation performance. The algorithm
has three stages: initially select the genes and gene pairs
closely related with phenotypes; then eliminate redundant genes or gene pairs by computing the cross entropy;
ﬁnally obtain the optimal feature set for a classiﬁer by the
wrapper based forward feature selection. The proposed
algorithm has the moderate time complexity compared
with the four known algorithms MICE, MIFS, LFS and
FeatKNN. We compared the performance of algorithms
FSGGP, MICE, MIFS, LFS and FeatKNN in terms of
classiﬁcation error rate on the four public datasets: the
subtypes of NSCLC dataset, the NSCLC-normal dataset,
the Arabidopsis dataset and the soybean dataset. The
obtained result showed that the performance of FSGGP
was better than the other four known algorithms.

• EBI—European bioinformatics institute;
• NCBI—The national center for biotechnology information;
• DLD—Diagonal linear discriminant;
• LDA—Linear discriminant analysis.
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In this work, the proposed algorithm FSGGP is limited to two-class classiﬁcation. Of course, the number of Supplementary Material
phenotypes for classiﬁcation may be greater than two,
and the algorithm FSGGP can be modiﬁed for multi- Supplementary material is available on the publishers web site along with the published article.
class classiﬁcation.
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