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Classification analysis of microarray data is widely used to reveal biological features and

to diagnose various diseases, including cancers. Most existing approaches improve the per-

formance of learning models by removing most irrelevant and redundant genes from the

data. They select the marker genes which are expressed differently in normal and tumor

tissues. These techniques ignore the importance of the complex functional-dependencies

between genes. In this paper, we propose a new method for cancer classification which uses

distinguished variations of gene–gene correlation in two sample groups. The cancer specific
umor classification

icroarray data analysis

ene–gene correlation

ancer specific genetic network

genetic network composed of these gene pairs contains many literature-curated prostate

cancer genes, and we were successful in identifying new candidate prostate cancer genes

inferred by them. Furthermore, this method achieved a high accuracy with a small number

of genes in cancer classification.

© 2011 Elsevier Ireland Ltd. All rights reserved.
. Introduction

NA microarray technologies make it possible to simul-
aneously monitor the expression levels of thousands of
enes [1]. The large amount of data generated by microarray
xperiments has stimulated the development of many com-
utational methods to study different biological processes at
he gene expression level. These microarray techniques are
xpected to result in precise cancer detection and classifica-
ion.

The major difficulty of microarray data analysis is the large
umber of genes compared to the limited number of samples

n a typical experiment. Furthermore, many of the genes are
noise’ genes that are not relevant in differentiating between
Please cite this article in press as: E. Shin, et al., TC-VGC: A Tumor Classifica
Programs Biomed. (2011), doi:10.1016/j.cmpb.2011.03.002

ormal and tumor samples. One of the major challenges in
esigning an accurate classifier using microarray data is iden-
ifying the optimal subset of relevant genes. This is known as

∗ Corresponding author. Tel.: +82 2 2123 5714; fax: +82 2 365 2579.
E-mail address: sanghyun@cs.yonsei.ac.kr (S. Park).

169-2607/$ – see front matter © 2011 Elsevier Ireland Ltd. All rights res
oi:10.1016/j.cmpb.2011.03.002
gene selection and corresponds to feature selection in the field
of pattern classification.

Existing gene selection methods just select the marker
genes which are differentially expressed in normal and
tumor tissues. They do not consider the gene–gene correla-
tions between two groups of samples. However, variations
in gene–gene correlations can be a good guide for making a
cancer diagnosis. For example, when a transcription factor
activates or represses two genes, A and B, simultaneously, the
expression levels of A and B reveal that they have high correla-
tion. If gene B is affected by a specific disease, the transcription
factor continues to activate or repress gene A, while it can no
longer influence gene B.

Most of microarray studies often focus on the identifica-
tion of differentially expressed genes or the construction of
tion System using Variations in Genes’ Correlation, Comput. Methods

prediction rule. However, gene itself which does not appear
to be oncogenic could be highly relevant to be cancer spe-
cific when they are considered with others. In this paper,

erved.

dx.doi.org/10.1016/j.cmpb.2011.03.002
dx.doi.org/10.1016/j.cmpb.2011.03.002
mailto:sanghyun@cs.yonsei.ac.kr
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Fig. 1 – Microarray data set.

we are proposing the TC-VGC (Tumor Classification using
Variations in Genes’ Correlation) that considers complex
functional-dependencies between genes using the correlation
coefficients of gene pairs. This is a new cancer classification
method which uses substantially smaller number of genes
and retains a high predictive accuracy. Given a new patient’s
sample, the method predicts the class of the sample using
variations in gene correlations, with high accuracy. Further-
more, the cancer specific genetic network composed of these
gene pairs contains many literature-curated prostate cancer
genes, and we were successful in identifying new candidate
prostate cancer genes inferred by them.

2. Related works

2.1. Microarray data set

The gene expression data which is generated from microar-
rays is organized as matrices. Rows represent genes and
columns represent various samples such as normal or tumor
tissues. Values in each cell represent the expression level of
the particular gene in the sample. Fig. 1 shows an example of
a gene expression matrix [2].

2.2. Existing cancer classification algorithms based on
microarray

Machine-learning methods are used to classify and cluster
data. These methods are especially useful in cancer diagnosis
and detection [3–5]. The current trend is to apply a compu-
tational approach to traditional biological research, which is
then used to understand biological processes.

Many researchers have applied a machine-learning
approach to microarray data analysis. Examples of these
Please cite this article in press as: E. Shin, et al., TC-VGC: A Tumor Classifica
Programs Biomed. (2011), doi:10.1016/j.cmpb.2011.03.002

techniques include the SVM (Support Vector Machine), k-NN
(K-Nearest Neighbors), Random Forest, and Bayesian net-
works [6]. Pirooznia et al. recently introduced the commonly
used classification methods, and applied these methods to
b i o m e d i c i n e x x x ( 2 0 1 1 ) xxx–xxx

publicly available datasets [7]. Results revealed that SVM clas-
sification and RBF Neural Nets had the best accuracy. Wang
et al. demonstrated that feature subset selection algorithms,
namely wrappers, filters and CFS (Correlation-based Feature
Selection), can be very useful in extracting relevant informa-
tion in microarray data analysis [8]. They exhibited that the
filters and CFS are recommended for fast analysis of data.
However, for better classification accuracy and fewer genes
that could be further used for a cancer diagnosis toolkit, the
wrapper approaches are more recommended.

SVM is becoming increasingly popular classifiers for many
data, including microarrays. Guyon et al. proposed an SVM-
RFE (Support Vector Machine Recursive Feature Elimination)
algorithm to recursively classify the samples using SVM and
to select genes according to their weights in the SVM classi-
fiers [9]. Duan et al. proposed MSVM-RFE [10]. This technique
trains multiple linear SVMs on subsamples of training data
and computes the feature ranking score of SVM-RFE. The per-
formance of MSVM-RFE is better than that of SVM-RFE and
fewer genes were needed in MSVM-RFE than in SVM-RFE.

Pan et al. proposed a comprehensive KNN/LSVM classifi-
cation approach [11]. This technique used a combination of
a k-NN majority voting approach and a local Support Vector
Machine approach which makes optimal decisions at the local
level. The goal of this technique is to classify cases based on a
local approach without the time burden which is usually nec-
essary to run traditional algorithms. Diaz-Uriarte and Alvarez
de Andres investigated the use of a Random Forest for classifi-
cation of microarray data including multi-class problems [12].
Random Forest is a classification algorithm that is well suited
for microarray data even when most predictive variables are
noise and the amount of input data is large.

The main challenge in classifying gene expression data is
to solve the curse of dimensionality problem. In addition, irrel-
evant and redundant features increase the search space and
make patterns more difficult to detect and make it more diffi-
cult to capture rules necessary for prediction or classification.
Albrecht has proven that selecting the best feature subset is
an NP-complete problem [13]. To overcome these problems,
feature selection is an indispensable task in classification to
identify a smaller subset of relevant genes for building robust
learning models. Gheyas and Smith proposed a hybrid method
for feature subset selection consisting of a combination of
simulated annealing and a genetic algorithm and compare its
performance to a variety of other greedy and stochastic search
algorithms [14]. Jaeger et al. reduced the number of relevant
genes by eliminating highly correlated ones [15]. Kim et al.
attempted to use several methods for extracting informative
features and combining classifiers learned from the negatively
or complementarily correlated features [68]. Berretta et al.
suggests feature set model to extract differentially expressed
genes [16]. The genes that must be in a different state in any
pair of samples with different labels and in the same state in
any pair of samples with the same label are chosen to be a
feature set. Dougherty and Brun considered optimal feature
sets in the framework of a model in which the features are
tion System using Variations in Genes’ Correlation, Comput. Methods

grouped in such a way that intra-group correlation is substan-
tial whereas inter-group correlation is minimal [17].

Principle components analysis (PCA), a mathematical algo-
rithm that reduces the dimensionality of the data while

dx.doi.org/10.1016/j.cmpb.2011.03.002
dx.doi.org/10.1016/j.cmpb.2011.03.002
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etaining most of the variation in the data set, is one of the
requently used methods for feature selection of microarray
ata [18]. Independent component analysis (ICA) is a method
or finding underlying factors or components from multidi-

ensional statistical data. Although ICA is similar to PCA, ICA
as some advantage over PCA because it exploits higher order
tatistics and has no restriction on orthogonal transforma-
ions [19].

Heretofore, method for microarray dataset analysis has
ocused on selecting genes that exhibit extremely large differ-
ntial expressions between different phenotypes. They ignore
he impact of the complex structures found in microarray
xperiments. Tan et al. proposed the k-TSP method, which is
n algorithm that finds k top-scoring gene pairs and addresses
he stochastic dependence between different genes [20]. Fur-
hermore, they lack the ability to select genes that change
heir relationships with other genes in different biological con-
itions. Wei and Li presented an alternative formulation of
ancer classification problem that is based on the biologists’
ntuition that samples within the same tumor class tend to
e more similar in gene expression than samples from dif-
erent tumor classes [21]. Ravetti et al. also uncovered genes
hich are highly correlated to the progression of the disease

nd presented a clear pattern of either up or down regulation
ith increasing AD severity [22].

In this study, we explicitly used gene–gene correlations for
ll gene pairs to boost statistical power. The performance of
ur system was compared with the performance of the previ-
usly mentioned algorithms.

. Cancer classification algorithm

.1. System overview

his section describes the details of the classification algo-
ithm for microarray data (see Fig. 2). We perform the repetitive
0-fold cross validation while varying parameter ranges. The
arameter set with best accuracy in the parameter ranges was
hosen as the optimal values for parameters. The indepen-
ent test is used to predict the class of independent samples
sing optimal parameter set. For both cross validations and

ndependent tests, the following processes are performed.
Firstly, we extract cancer-specific gene pairs by calculat-

ng the correlation coefficients of all gene pairs for normal
nd tumor training sample set separately. Because gene pairs
ith a greater correlation difference between normal and

umor samples are regarded as more discriminative one for
lassification, we select the gene pairs with high coefficient
ifferences as the cancer-specific gene pairs.

Secondly, hub genes are used to select gene pairs which
onsists the best classifier; at least one gene of the gene pair
ust be a hub gene. Then we calculate the weight of these

ene pairs. We assign bigger weight to a pair of genes as the
imilarity of variations in expression values of the two genes
ets increased. Consequently, our classifier is composed of
Please cite this article in press as: E. Shin, et al., TC-VGC: A Tumor Classifica
Programs Biomed. (2011), doi:10.1016/j.cmpb.2011.03.002

ene pairs with highest weight.
Lastly, we predict the class of test samples by considering

he level of correlation change when it is added to the training
amples.
i o m e d i c i n e x x x ( 2 0 1 1 ) xxx–xxx 3

3.2. Definition of notation

In this section we define the notations which will be used
throughout the paper.

gi A gene in a microarray
nsi A normal sample in a training dataset
tsi A tumor sample in a training dataset
usi A sample in a test data set
nij Expression value of gene gi in sample nsj

tij Expression value of gene gi in sample tsj

uij Expression value of gene gi in sample usj

�n(gi, gj) Correlation coefficient between two genes in normal
samples

�t(gi, gj) Correlation coefficient between two genes in tumor
samples

�′
n(gi, gj) Recalculated correlation coefficient after including a

test sample into the normal training data set
�′

t(gi, gj) Recalculated correlation coefficient after including a
test sample into the tumor training data set

NC A set of cancer-specific gene pairs which have a
strong correlation in the normal samples and shows
significantly different correlation coefficient values
between two classes

TC A set of cancer-specific gene pairs which have a
strong correlation in the tumor samples and shows
significantly different correlation coefficient values
between two classes

Ndiff Sum of absolute differences between �n(gi, gj) and
�′

n(gi, gj) for all gene pairs in NC
Tdiff Sum of absolute differences between �t(gi, gj) and

�′
t(gi, gj) for all gene pairs in TC

cor Parameter for deciding whether the gene pairs have
a strong correlation

sig Parameter for deciding whether the differences in
the correlation coefficients for the gene pairs in the
two class groups are significant

nk Parameter for representing the number of classifier
component selected in NC

tk Parameter for representing the number of classifier
component selected in TC

3.3. Extracting cancer specific gene pairs

To extract cancer specific gene pairs, we find out whether two
genes are related to each other for all gene pairs. We calculated
the degree of correlation between two genes using the SCC
(Spearman’s Correlation Coefficient) [24] as follows:

� = 1 − 6
∑

di
2

n(n2 − 1)

di = x′
i − y′

i

where x′
i
and y′

i
are ranks of two expression values xi and yi at

sample i, respectively.
The SCC provides a measure of the similarity of two ranked
tion System using Variations in Genes’ Correlation, Comput. Methods

lists. The Spearman correlation is less sensitive than the Pear-
son correlation to strong outliers � ranges from −1.0 to 1.0. If
� equals −1.0, the two genes have a perfect negative correla-
tion and if � equals 1.0, the two genes have a perfect positive

dx.doi.org/10.1016/j.cmpb.2011.03.002
dx.doi.org/10.1016/j.cmpb.2011.03.002
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Fig. 2 – Overview of TC-VGC.
correlation. If � equals 0, there is no correlation between two
genes. As the absolute value of � gets bigger, the relationship
between the two genes gets stronger.

In order to find the candidate cancer-specific gene pairs, we
computed the correlation coefficients of all gene pairs for the
normal and tumor samples separately. The gene pair can be
selected as the candidate cancer-specific gene pair when the
correlation of the gene pair is strong in only one class of sam-
ples and the difference of the correlation coefficient between
the two classes is significant. Among the cancer-specific gene
pairs, NC is a set of gene pairs, which are highly correlated in
the normal samples only, and the gene pairs in TC are highly
correlated in the tumor samples only.

The threshold cor is the parameter for deciding whether the
correlation between two genes was strong enough. We con-
sider the gene pair to have strong correlation if their absolute
value of correlation is greater than cor. The threshold sig is the
parameter for determining if there is a significant difference
in the correlation coefficients between the two class groups. If
the gene pair has strong correlation in only one class, the gene
pair whose difference of coefficient values exceeds sig could
be selected as the candidate cancer-specific gene pair.

3.4. Building classifier

This section describes how to select the best gene pairs among
large number of candidate cancer-specific gene pairs. The
selection is based on whether a gene is hub-gene, and weight
of a gene pair.

Firstly, we extract the hub genes with more than five inter-
Please cite this article in press as: E. Shin, et al., TC-VGC: A Tumor Classifica
Programs Biomed. (2011), doi:10.1016/j.cmpb.2011.03.002

actions [23]. A hub is more likely to be essential than a non-hub
simply because the hub has more interactions and thus a
higher chance to engage in an essential interaction [25]. In
a gene co-expression analysis context, Horvath et al. defined
a ‘hub’ gene of an expression module to be a gene with strong
intra-module connectivity [26].

Secondly, hub genes are used to select gene pairs which
consists the best classifier; at least one gene of the gene pair
must be a hub gene. Here, the hub gene must have more
than five interactions [14]. We calculate the weight of these
gene pairs. Even though a gene pair exhibits strong correla-
tion, expression values of one gene have big variation across
samples, while expression values of the other gene have little
variation. This gene pair is not informative because the slight
variation of the other gene could be just from experimental
noise. Accordingly we assign bigger weight to a pair of genes
as the similarity of variations in expression values of the two
genes gets increased. The weight between the gene pairs is
calculated by following formula:

weight(gi, gj) =
{

1/DN(gi, gj) if gi, gj ∈ NC

1/DT(gi, gj) if gi, gj ∈ TC

}

DN(gi, gj) = 1
n − 1

n−1∑
k=1

|rginsk
− rgjnsk

|

DT(gi, gj) = 1
n − 1

n−1∑
k=1

|rgitsk
− rgjtsk

|

rginsk
= |nik − nik+1|

rgitsk
= |tik − tik+1|
tion System using Variations in Genes’ Correlation, Comput. Methods

DN(gi, gj) is the average of differences between variations of
expression values of two consecutive normal samples in gi and
gj DT(gi, gj) is likewise calculated with respect to the tumor
class. Below is an example that calculates the weight of the

dx.doi.org/10.1016/j.cmpb.2011.03.002
dx.doi.org/10.1016/j.cmpb.2011.03.002
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Table 1 – Classifier construction algorithm.

Input:
• cor(ı)
• sig(ı)
• nk, the number of classifier component selected in NC
• tk, the number of classifier component selected in TC
• microarray data set
Output: classifier
1. repeat for each gene pair (gi, gj)
2. compute the correlation coefficients for the normal and tumor

classes, �n(gi, gj) and �t(gi, gj)
3. if (|�n(gi, gj)| > cor and|�n(gi, gj)| − |�t(gi, gj)| > sig) then
4. insert the gene pair (gi, gj) into candidate gene pair set NC
5. else if (|�t(gi, gj)| > cor and |�t(gi, gj)| − |�n(gi, gj)| > sig) then
6. insert the gene pair (gi, gj) into candidate gene pair set TC
7. end
8. repeat for the gene pairs that at least one gene among gene

pairs in NC is hub gene
9. repeat for all samples of the gene pair
10. calculate the absolute difference of expression value

between two consecutive samples on a gene gi,
rginsk

= |nik − nik+1|
11. calculate the absolute difference of expression value

between two consecutive samples on the other gene gj,
rgjnsk

= |njk − njk+1|
12. DN(gi, gj)+ = |rginsk

− rgjnsk
|

13. end
14. weight (gi, gj) = 1/mean (DN(gi, gj))
15. end
16. for all gene pairs in TC, the process from step 8 to 15 is repeated

g

w

I
s
w
r

p
t

17. select the nk and tk gene pairs with highest weight among the
candidate gene pairs

18. return classifier

ene pair ga and gb using Table 2.

eight(ga, gb) = 1
avg

(||na1 − na2| − |nb1 − nb2|| + ||na2 − na3|

− |nb2 − nb3|| + . . . + ||nak−1 − nak|
− |nbk−1 − nbk||)

n this example, na1 − na2 indicates difference of two expres-
ion values of gene ga on the first and the second samples
hich are two consecutive samples. The order of samples is

andomly determined.
Please cite this article in press as: E. Shin, et al., TC-VGC: A Tumor Classifica
Programs Biomed. (2011), doi:10.1016/j.cmpb.2011.03.002

Consequently, our classifier is composed of nk and tk gene
airs with highest weight among the gene pairs. Table 1 shows
he algorithm for constructing our classifier.

Table 2 – Example of a microarray dataset.

Training datas

Normal class

ns1 ns2 ns3 nsp ts

g1 n11 n12 n13 . . . n1p t1

g2 n21 n22 n23 . . . n2p t2

g3 n31 n32 n33 . . . n3p t3

...
...

...
... . . .

...
...

gn nn1 nn2 nn3 . . . nnp tn

Rows represent genes and columns represent samples.
i o m e d i c i n e x x x ( 2 0 1 1 ) xxx–xxx 5

3.5. Predicting the class label for a test sample

We obtain the optimal values for parameters based on 10-fold
cross validation. Parameter ranges are initially provided by
user. Among parameter value sets with best accuracy in the
parameter ranges, the one with the highest weight is selected
as the optimal values for parameters.

We predict the class label of an independent sample using
the optimal values of parameters and evaluate the perfor-
mance of classifier. We can apply the optimal parameter to
test independent microarray dataset. The procedure to pre-
dict the unknown class label of the independent microarray
dataset is as follows:

(1) Build a classifier using training dataset and the optimal
values of parameters. Calculate the correlation coefficient
of all gene pairs in the NC for the normal samples and all
gene pairs in the TC for the tumor samples.

(2) Add a test sample into normal and tumor sample set and
recalculate the correlation coefficients. Then calculate the
absolute differences of the recalculated correlation coeffi-
cients with those from step 1.

(3) For all classifiers, calculate the average of the absolute dif-
ferences. The class which had the smaller average is the
predicted class.

Below is an example that estimates a class of the test sam-
ple usk for the gene pair g1 and g2in the NC and the gene pair
g3 and g4in the TC using Table 2.

�n(g1, g2) = SCC[(n11, n12, . . . , n1p), (n21, n22, . . . , n2p)]
�′

n(g1, g2) = SCC[(n11, n12, . . . , n1p, u1k), (n21, n22, . . . , n2p, u2k)]
�t(g3, g4) = SCC[(t31, t32, . . . , t3q), (t41, t42, . . . , t4q)]
�′

t(g3, g4) = SCC[(t31, t32, . . . , t3q, u3k), (t41, t42, . . . , t4q, u4k)]

Ndiff is computed by summing the absolute differences
between �n(gi, gj) and �′

n(gi, gj) for all gene pairs included in
NC. Tdiff is computed by the same process for all gene pairs
included in TC.

Ndiff = 1
nk

∑
(gi,gj) ∈ NC

|�n(gi, gj) − �′
n(gi, gj)|
tion System using Variations in Genes’ Correlation, Comput. Methods

Tdiff = 1
tk

∑
(gi,gj) ∈ TC

|�t(gi, gj) − �′
t(gi, gj)|

et Test data

Tumor class

l ts2 ts3 . . . tsq usk

1 t12 t13 . . . tlq u1k

1 t22 t23 . . . t2q u2k

1 t32 t33 . . . t3q u3k

...
... . . .

...
...

1 tn2 tn3 . . . tnq unk

dx.doi.org/10.1016/j.cmpb.2011.03.002
dx.doi.org/10.1016/j.cmpb.2011.03.002
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Table 3 – Algorithm for predicting the class label of a test
sample.

Input:
• classifier
• usk, a test(unknown) sample
Output: The label of the class (Normal or Tumor)
1. compute the correlation coefficient for each gene pair in

classifier, �n(gi, gj) and �t(gi, gj)
2. repeat for gene pair selected in NC among classifier component
3. recalculate the correlation coefficient after add a test sample

into normal sample set, �′
n(gi, gj)|

4. Ndiff
+ = |�n(gi, gj) − �′

n(gi, gj)|
5.end
for all gene pairs selected in TC among classifier component, the

process from step 2 to 5 is repeated
6.if Ndiff < Tdiff then

Table 5 – Type of experiment.

Type of experiment Training dataset Test dataset

10-Fold cross
validation
experiment

Rha paired Rha paired
Singh Singh
Stuart Stuart
Landi Landi
Hou Hou

result having the smallest nk and tk values in the param-
7. return Normal
8.else
9. return Tumor

Consequently, if Tdiff is bigger then Ndiff, we predict the class of
the independent sample to be normal, otherwise to be tumor.

Prediction =
{

Normal if Ndiff < Tdiff

Tumor if Ndiff ≥ Tdiff

}

We measure the accuracy of our classifier by comparing
the predicted class and the actual class of the independent
test samples. Table 3 shows the algorithm which predicts the
class of the test samples.

4. Experimental results

4.1. Experimental environment

Table 4 shows the information regarding the well-known
prostate, colon and lung cancer microarray data sets that
were used in this experiment. For convenience, we repre-
sented each data set by an abbreviation of the first author’s
name from the published papers. We used publicly available
colon and prostate cancer microarray data. “Rha” is colon can-
cer microarray data with a cDNA platform. “Singh”, “Welsh”,
“LaTulippe” and “Stuart” are prostate cancer microarray data
with an Affymetrix HG 95AV2 platform. “Landi” (GSE10072),
and “Hou” (GSE19188) are lung cancer microarray data using
Please cite this article in press as: E. Shin, et al., TC-VGC: A Tumor Classifica
Programs Biomed. (2011), doi:10.1016/j.cmpb.2011.03.002

HG-U133A and HG-U133 Plus 2 Affymetrix chips, respectively.
“Hou” is expression data for early stage non-small cell lung
cancer. “Rha” consists of two types of microarray data, “paired”

Table 4 – Microarray data used in the experiment.

Data Number of genes Number of normal samples

Rha [27]
Paired 7311 127
Unpaired 7311 0

Singh [28] 8828 50
Welsh [29] 8828 9
LaTulippe [30] 8828 3
Stuart [31] 8828 50
Landi [32] 13260 49
Hou [33] 20826 65
Independent
experiment

Rha paired Rha unpaired
Singh Welsh + LaTulippe
Stuart Welsh + LaTulippe

and “unpaired”. For the “paired” data, normal and tumor tis-
sue samples were collected from the same person. For the
“unpaired” data, only tumor samples were collected.

Experiments consist of two types (Table 5); 10-fold cross
validation and independent test. The 10-fold cross validation
experiments are used to obtain the optimal values for param-
eters which will be used in the experiment for predicting the
class of independent samples. The independent experiments
measure the accuracy of the TC-VGC.

In the independent experiments, “Singh” and “Stuart” were
used as the training data and integrated data from “Welsh”
and “LaTulippe” were used as the test data. Because the scales
of the data are not same, we normalized all of the data by
applying a Z-transform [34].

4.2. Determining the optimal values for parameters

We measured accuracy, sensitivity, and specificity in order to
compare the performance of our system with others using the
10-fold cross validation. These measurements are defined as
follows:

Accuracy = The number of correctly predicted samples
The number of total samples

Sensitivity = The number of predicted tumor samples
The number of tumor samples

Specificity = The number of correctly predicted normal samples
The number of normal samples

Table 6 shows the 10-fold cross validation results of our
system. We performed the experiment by changing param-
eters, cor, sig, nk and tk. Each row represents cor and each
column represents sig. We set the values of nk and tk at 2, and
increased them by 1 until they reached the highest predic-
tion accuracy. In the following, we only showed experimental
tion System using Variations in Genes’ Correlation, Comput. Methods

eter ranges, representing the highest accuracies. The value
in each cell indicates the accuracy. If there are a number of
parameter value sets with the highest accuracies, we selected

Number of tumor samples Total number of samples

131 258
297 297
52 102
24 33
23 26
38 88
58 107
91 156

dx.doi.org/10.1016/j.cmpb.2011.03.002
dx.doi.org/10.1016/j.cmpb.2011.03.002
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Table 6 – The experimental results of our system. We performed the experiment by changing parameters, cor, sig, nk and
tk. Each row represents cor and each column represents sig. We set the values of nk and tk at 2, and increased them by 1
until they reached the highest prediction accuracy. In the following, we only showed experimental result having the
smallest nk and tk values in the parameter ranges, representing the highest accuracies. The value in each cell represents
the accuracy and the shaded cell means the optimal parameter value set with the highest weight among such set with
the highest accuracies.

sig

Dataset Number of nk Number of tk cor 0.8–0.6 0.7–0.5 0.6–0.4 0.5–0.3 0.4–0.2

Rha paired 2 3

1–0.9 0 0 0 0 0
0.95–0.85 99.6 99.6 99.6 98.4 99.2

0.9–0.8 99.6 99.6 99.6 99.6 99.2
0.85–0.75 100 100 100 100 99.6

0.8–0.7 100 100 99.2 99.6 100

Singh 6 6

1–0.9 0 89.0 91.2 94.1 94.1
0.95–0.85 86.3 84.3 90.2 91.2 88.2

0.9–0.8 94.1 93.1 91.2 89.2 92.2
0.85–0.75 93.1 91.2 90.2 90.2 95.1

0.8–0.7 93.1 91.2 89.2 89.2 92.2

Stuart 8 8

1–0.9 0 0 0 0 83.8
0.95–0.85 0 0 73.8 72.5 76.3

0.9–0.8 83.8 77.5 68.8 71.3 72.5
0.85–0.75 78.8 81.3 70.0 76.3 71.3

0.8–0.7 80.0 76.3 73.8 72.5 63.8

Landi 6 6

1–0.9 0 0 0 0 92.5
0.95–0.85 0 93.5 96.3 95.3 91.6

0.9–0.8 93.5 94.4 97.2 99.1 91.6
0.85–0.75 95.3 98.1 94.4 94.4 93.5

0.8–0.7 92.5 92.5 94.4 92.5 92.5

Hou 4 4

1–0.9 0 0 96.8 93.6 96.2
0.95–0.85 96.8 96.8 93.6 92.9 91.7

0.9–0.8 92.3 94.8 91.7 96.8 98.1
0.85–0.75 96.8 96.2 95.5 94.9 91.7
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he parameter value set with the highest weight among
hese. The shaded cell means the optimal parameter value
et.

.3. Accuracy of our cancer classification method

n the following, we predicted the class labels of independent
est samples using the optimal values of parameters which
uild the classifier with the least number of gene pairs among
he parameter ranges obtained from Section 4.2. Table 7 shows
he optimal values of parameters, the number of genes, the
ccuracies, and the real names of the selected gene pairs as
he classifier for each of the experiments.

We successfully classified the “Rha”, “Singh”, and “Stuart”
atasets with accuracies of 99.6%, 96.6%, and 98.3% with only
, 12, and 16 gene pairs and 9, 17, and 21 genes, respectively.
ll of these datasets indicate that our method can build a clas-
ifier with fewer number of gene pairs. This ensures very high
rediction accuracy.

.4. Comparison to other cancer classification methods
Please cite this article in press as: E. Shin, et al., TC-VGC: A Tumor Classifica
Programs Biomed. (2011), doi:10.1016/j.cmpb.2011.03.002

e compared our method with other cancer classification
ethods to determine whether TC-VGC is competitive. Four

urrent classifiers, k-NN (k-Nearest Neighbor), Naïve Bayes,
87.2 91.7 92.3 92.9 91.0

Random Forest and SVM (Support Vector Machine), were
implemented in Weka (Waikato Environment for Knowledge
Analysis) [35], a publicly available open-source software pack-
age. We also implemented these classifiers after applying the
Relief-F [36] and SymmUncert (SU) [37] methods, which are
popular feature selection methods. For k-TSP (k-Top Scor-
ing Pair) we used the executables provided by Tan et al.
[20].

Experimental works for getting optimal user parameters
for each method were made. Table 8 shows the 10-fold cross
validation results of above methods. k-NN runs while chang-
ing k, the number of the neighbor. Random Forest runs while
changing maxDepth, the depth of the tree. The experiment to
obtain the optimal parameter for Naïve Bayes was not done
because it does not require a user parameter. SVM runs while
changing the kernel type. We also applied two feature selection
methods while varying the ratio of selected features among
all genes between 1 and 20 percentages. Table 9 clearly shows
improvement after applying the feature selection methods.

We compared independent test results of our method to
existing classification methods. Because “Rha unpaired” data
tion System using Variations in Genes’ Correlation, Comput. Methods

does not include normal samples, the accuracy rate is the
same as the sensitivity, and specificity is not applicable. As
displayed in Table 10, the performance of our system is compa-
rable or superior to the results from other systems. Moreover,

dx.doi.org/10.1016/j.cmpb.2011.03.002
dx.doi.org/10.1016/j.cmpb.2011.03.002
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Table 7 – Experimental results using independent test dataset.

Training dataset Test dataset cor sig nk tk # genes Accuracy Classifier

gi gj

Rha (paired) Rha (unpaired) 0.85–0.75 0.7–05 2 3 9 99.6% AI361330 AI681730
AA977679 AI630998
AA936799 AA877166
AA877166 AI986457
AA490471 AA449742

Singh Welsh + LaTulippe 0.85–0.75 0.4–0.2 6 6 17 96.6% HIST1H2BM BYSL
SPN HIST1H2BM
SPAR PPM1F
HIST1H2BM ACTB
MAGED1 HIST1H2BM
RPS7 PPM1F
ZNF821 CFD
ZNF549 CFD
MLN CFD
CENPI TFAP2C
MAPK10 AKR1A1
ROM1 CFD

Stuart Welsh + LaTulippe 1–0.9 0.4–0.2 8 8 21 98.3% IFIT1 MRPL9
IFIT1 TBC1D30
IFIT1 SMAP1
IFIT1 CLNS1A
IFIT1 MMP20
IFIT1 CALCOCO2
SCN2B GCNT1
SMC3 GCNT1
CD1A UBD
SIX6 PRRG1
CD1A SIGLEC6
CD1A MUC3A
CD1A EVI1
MOCS1 KCNJ4
the sensitivity and specificity rates for the other methods were
Please cite this article in press as: E. Shin, et al., TC-VGC: A Tumor Classifica
Programs Biomed. (2011), doi:10.1016/j.cmpb.2011.03.002

not well balanced. For example, for SVM the sensitivity was
97.8% but specificity was 33.3% for “Stuart” dataset. Also, for
k-NN the sensitivity was 70.2% and specificity was 100% for
“Singh” dataset. Low sensitivity could be fatal for a patient if

Table 8 – 10-Fold cross validation results of the comparison alg

Comparison algorithm Parameters

k-NN

1
5
10
20
30

Naïve Bayes

Random Forest

1
5
10
20
30

SVM

Poly
NormalizedPoly
puk
RBF
CD1A TOP2B
CD1A VPS41

the system erroneously diagnoses a cancer patient as a normal
tion System using Variations in Genes’ Correlation, Comput. Methods

patient.
Consequently, our method successfully classified all

microarray data with very high accuracy. It also produced a
well-balanced sensitivity and specificity.

orithm.

Rha Singh Stuart

92.6 78.4 65.9
93.4 77.4 70.4
93.8 74.5 69.3
94.2 72.5 62.5
93.0 69.6 62.5

96.6 96.6 86.4

95.0 73.5 67.0
96.5 80.4 69.3
95.7 82.4 65.9
95.7 82.4 65.9
95.7 82.4 65.9

98.1 89.2 78.4
97.3 86.3 75.0
84.1 50.1 56.8
96.9 83.4 55.7

dx.doi.org/10.1016/j.cmpb.2011.03.002
dx.doi.org/10.1016/j.cmpb.2011.03.002
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Table 9 – Independent results of the comparison algorithm that apply feature selection methods.

Dataset Feature
selection

The ratio of
selected features

k-NN Naïve Bayes Random Forest SVM

Rha Relief-F 0.01 84.2 84.2 88.9 93.9
0.05 82.2 94.9 91.6 95.9
0.1 80.3 96.6 94.6 96.0
0.2 86.9 96.6 96.6 96.3

SU 0.01 87.9 83.8 95.3 96.0
0.05 87.9 86.2 91.2 97.3
0.1 85.5 85.9 94.9 97.6
0.2 86.5 93.3 96.3 98.0

Singh Relief-F 0.01 96.6 89.8 96.6 96.6
0.05 96.6 91.5 94.9 96.6
0.1 96.6 91.5 88.1 96.6
0.2 93.2 96.6 94.9 96.6

SU 0.01 94.9 88.1 88.1 94.9
0.05 96.6 94.9 94.9 94.9
0.1 93.2 96.6 96.6 98.3
0.2 89.8 98.3 91.5 96.6

Stuart Relief-F 0.01 91.5 88.1 84.7 89.8
0.05 79.7 86.4 76.3 84.7
0.1 86.4 89.8 81.4 93.2
0.2 88.1 89.8 84.7 79.7

SU 0.01 83.1 89.8 93.2 89.8
0.05 86.4 91.5 81.4 89.8
0.1 88.1 91.5 71.2 94.9
0.2 89.8 91.5 79.7 89.8

Table 10 – Comparisons of our method with existing classifications.

Algorithms
Rha Singh Stuart

Accuracy Sensitivity Accuracy Sensitivity Specificity Accuracy Sensitivity Specificity

TC-VGC 99.6 99.6 96.6 97.9 91.7 98.3 97.9 100
k-NN 90.2 90.2 76.3 70.2 100 88.1 91.5 75
k-TSP 97.7 97.7 81.4 93.6 33.3 89.8 87.2 100
Naïve Bayes 96.6 96.6 96.6 97.9 91.7 86.4 95.7 75
Random Forest 97.3 97.3 91.5 93.62 83.3 76.3 80.8 58.3
SVM 96.3 96.3 96.6 95.7 100 84.7 97.8 33.3
Relief-F + k-NN 86.9 86.9 96.6 97.9 91.7 91.5 89.4 100
Relief-F + Naïve Bayes 96.6 96.6 96.6 95.7 100 89.8 87.2 100
Relief-F + Random forest 96.6 96.6 96.6 95.7 100 84.7 82.9 91.7
Relief-F + SVM 96.3 96.3 96.6 95.7 100 93.2 97.9 75
SU + k-NN 87.9 87.9 96.6 97.9 91.7 89.8 93.6 75

4

W
[
u

p
A
8
l
1
g

a
r
t

SU + Naïve Bayes 93.3 93.3 98.3
SU + Random forest 96.3 96.3 96.6
SU + SVM 98 98 98.3

.5. Biological discussion

e constructed the network using the Cytoscape software
38]. We also performed literature search for candidate genes
sing NCBI Entrez [39].

For “Singh” dataset, the network of cancer-specific gene
airs in NC contained 58,030 interactions and 4622 genes.
lso, the network of cancer-specific gene pairs in TC contained
1,196 interactions and 4337 genes. All hub genes and genes
inked to those hub genes are present in Supplementary Table
. Fig. 3 shows the two sub-networks which include top 20
ene pairs of NC and TC, respectively.

As a result, 48 genes (a total of 40 gene pairs) were listed
Please cite this article in press as: E. Shin, et al., TC-VGC: A Tumor Classifica
Programs Biomed. (2011), doi:10.1016/j.cmpb.2011.03.002

s candidates. Table 11 shows the genes which have been
eported to be associated with cancer in the literature. Among
he listed genes in Table 11, the genes that are directly associ-
97.9 100 91.5 89.4 100
100 83.3 93.2 93.62 91.7
97.9 100 94.9 95.7 91.7

ated with prostate cancer were SKP2, EIF4EBP1, TCEB1, ERCC2,
TUBB2C, ACTB and MAGED1. Interestingly, several genes in
Table 11 have been reported to have a role in cancer, but
not previously known to be associated with prostate can-
cer, such as TFAP2C, SPN, PPM1F and MB. Furthermore, many
genes among candidate genes have been revealed to be sig-
nificantly associated with breast cancer (such as SLC5A5,
SIX1, UQCRFS1), with lung cancer (such as NKX2-8, PYGB),
with thyroid cancer (such as SLC5A5), with cervical can-
cer (such as ZNF384), and with pancreatic cancer (such as
COL3A1).

As shown in Fig. 3.1, HIST1H2BM, a member of the his-
tone H2B family, appeared to be connected to the top 20 gene
tion System using Variations in Genes’ Correlation, Comput. Methods

pairs in highest degree, selected in NC. The 8 genes among
the 13 genes connected with HIST1H2BM are also reported to
associate with cancers. ERCC2 is associated with the develop-

dx.doi.org/10.1016/j.cmpb.2011.03.002
dx.doi.org/10.1016/j.cmpb.2011.03.002
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Fig. 3 – The sub-networks composed of cancer-specific gene pairs in NC and TC. All nodes except for gray nodes are the
candidate prostate cancer genes proposed by our method. Red nodes belong to the genes that have been revealed to be
directly associated with the prostate cancer. Blue nodes are the genes that have been reported to have a role in cancer.
Green nodes are the genes known to be significantly associated with particular type of cancers. Yellow nodes are noble
candidate prostate cancer genes which have not been reported to be associated with cancer in the literature. Gray edges
indicate the interaction between cancer-specific genes. Red edges indicate the interaction of top 20 gene pairs in NC and TC,
respectively. Black edges represent newly created interactions when the interactions of cancer specific genes in one class
are applied to the other class. The thicknesses of edges are proportional to their weights. (For interpretation of the
references to color in this figure caption, the reader is referred to the web version of the article.)
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Fig. 3 – (Continued).
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Table 11 – Literature summary of the candidate genes.

Genes (NCBI Gene ID) Literature summary

SKP2 (6502) Induction of SKP2 may be causally linked with decreased levels of p27 in prostate cancer [40].
SKP2 controls p300-p53 signaling pathways in cancer cells, making SKP2 a potential molecular target for cancer
therapy [41].

TCEB1 (6921) TCEB1 promotes invasion of prostate cancer cells and is involved in development of hormone-refractory prostate
cancer [42].

EIF4EBP1 (1978) Over-expression of EIF4EBP1 is strongly associated with prostate cancer, especially when combined with PTEN and
mTOR expression data [43].

ERCC2 (2068) The ERCC2, a candidate gene for cancer susceptibility regardless of environmental factors [44], may be associated
with the development of prostate cancer [45].

MAGED1 (9500) Phenotype of MAGE-D1were related to confer susceptibility to prostate cancer [46].
TUBB2C (10383) TUBB2C was found in the nuclei of prostate cancer as well as in adjacent areas of benign prostate hypertrophy [47].

TUBB2C may play a role in assisting rapid cell proliferation [48].
ACTB (60) At the ACTB promoter, increased H3K4me2 was observed in human prostate cancer cell lines [49].
TFAP2C (7022) Down-modulation of TFAP2C expression in tumor cells by RNA interference (RNAi) led to enhanced tumor growth

and reduced chemotherapy-induced cell death, as well as migration and invasion. Most of these biological
modulations were rescued by TFAP2C over-expression [50].

SPN (6693) The expression of SPN causes the induction of functionally active p53 protein, and Over-expression of SPN causes
activation of the tumor suppressor proteins p53 and ARF 1 [51].

PPM1F (9647) PPM1F is expressed in a wide variety of tumor cell lines, and regulates cancer cell motility and invasiveness [52].
MB (4151) MB is induced by a variety of signals associated with tumor progression. In other words, MB in tumors including

breast, lung, ovary, and colon carcinomas, is expressed at high levels from the earliest stages of cancer
development [53].

SLC5A5 (6528) SLC5A5 expression is also prevalent in breast cancer brain metastases [54].
SIX1 (6495) Breast cancer patients whose tumors over-expressed SIX had a shortened time to relapse and metastasis and an

overall decrease in survival [55].
SIX1 over-expression reinstated an embryonic pathway of proliferation in breast cancer by up-regulating cyclin A1
[56].

UQCRFS1 (7386) UQCRFS1 gene appears to be involved in development of more aggressive phenotype of breast cancer [57].
NKX2-8 (26257) Continuous expression of NKX2-8 is also essential to the tumor maintenance of amplified squamous-cell

carcinomas cells [58].
PYGB (5834) PYGB is expressed in NSCLC (non-small-cell lung carcinoma), and is an independent poor prognostic factor [59].
ZNF384 (171017) ZNF384 expression in pelvic lymph nodes and primary tumors in early stage cervical carcinomas have a correlation

y hig

with clinical outcome [60].

COL3A1(1281) The expression of COL3A1 was significantl

ment of prostate cancer [45]. TUBB2C have been found in the
nuclei of prostate cancer [47] and may play a role in assisting
rapid cell proliferation [48]. Phenotype of MAGE-D1 is related
to confer susceptibility to prostate cancer [46]. SPN reduces
the risk of cancer by suppressing the cancer cell because the
expression of SPN causes the induction of functionally active
p53, the tumor suppressor proteins [51]. Much to our inter-
est, Shema et al. [62] reported that deregulation of histone
H2B monoubiquitination may contribute to cancer develop-
ment. Intriguing finding is that HIST1H2BM which is highly
connected to cancer genes is not reported to have any associ-
ation with cancer, however is thought to be a prostate cancer
gene. Note that all interactions in NC disappeared when can-
cer occurs (Fig. 3.2). This suggests that the anomalies of these
cancer specific genes are related to the prostate cancer.

As shown Fig. 3.3, MAPK10 was connected with the 6
genes among the 25 candidate genes in TC and 4 genes
among the connected genes were already identified in the
literature that associated with the cancers. We explained
the functions of genes as follows: in prostate cancer, SKP2
decrease levels of p27, which results in reducing cell pro-
liferation [40,63]. SKP2, therefore, increased the proliferation
and tumorigenic potential of a prostate cancer cell line [64].
Please cite this article in press as: E. Shin, et al., TC-VGC: A Tumor Classifica
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TCEB1 promotes invasion of prostate cancer cells, is involved
in development of hormone-refractory prostate cancer [42].
TFAP2C regulates tumor growth and chemotherapy-induced
her in pancreatic cancer [61].

cell death, as well as migration and invasion [50]. Moreover,
all the genes connected with MAPK10 were positively corre-
lated with MAPK10 only in prostate tumor samples. Recently,
JNK proteins are encoded by three genes (MAPK8, MAPK9 and
MAPK10), which were revealed to associate with cancers in
human [65]. Although MAPK10 is not reported to have any
association with cancer, it is highly connected to cancer genes,
and thought to be a prostate cancer gene. Contrary to Fig. 3.2,
we can see that all interactions in TC disappeared and new
interactions between these genes were added in non-cancer
state in Fig. 3.4.

As we have stated early, an interaction of which two genes
are activated or repressed by a transcription factor (TF) acti-
vates or represses two genes, A and B, simultaneously, the
expression levels of A and B reveal that they have high correla-
tion. If gene B is affected by a specific disease, the transcription
factor continues to activate or repress gene A, while it can
no longer influence gene B. In the NC sub-network, we found
TF that regulates the cancer specific genes. Fig. 4 shows the
sub-network of TF and its targets, and cancer specific genes
linked to the target genes. In normal state, TF ARNT activates
ID2 and MCL1 simultaneously, and there exists strong inter-
action between ID2 and MCL1 (Fig. 4.1). However, almost all
tion System using Variations in Genes’ Correlation, Comput. Methods

interactions, including ID2-MCL1 disappeared in cancer state
(Fig. 4.2). Coppe et al. discovered that ID2 were up-regulated
during human prostate cancer progression in vivo and were
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dx.doi.org/10.1016/j.cmpb.2011.03.002


ARTICLE IN PRESSCOMM-3204; No. of Pages 15

c o m p u t e r m e t h o d s a n d p r o g r a m s i n b i o m e d i c i n e x x x ( 2 0 1 1 ) xxx–xxx 13

Fig. 4 – The sub-network of the transcription factor (TF) and its targets, and cancer specific genes linked to the target genes.
Red node is transcription factor (TF). Yellow genes are regulated by TF. The undirected edges represent the interactions
between cancer specific genes. The directed edges in red represent the relationship between a TF and its target. The
thicknesses of edges are proportional to their weights. (For interpretation of the references to color in this figure caption, the
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verexpressed in highly aggressive prostate cancer cells [66].
few studies had explored MCL1 involvement in prostate

arcinogenesis [67]. Therefore we propose that ID2 and MCL1
enes could serve as molecular markers of prostate cancer.

There are 30 additional genes which have not been reported
o be associated with prostate cancer, but they also have rela-
ions with other cancer genes, in this study. Thus, they offer
xcellent potential to be prostate cancer genes.

. Conclusion

n this study, we proposed a new cancer classification
ethod using gene pairs with distinguished variations in the

ene–gene correlations between two groups of samples. This
oncept can be explained in the regulatory mechanisms of
ene expression. Many genes can be regulated by one tran-
cription factor which controls the expression level of the gene
y activating or repressing it. For example, when a transcrip-
ion factor activates two genes A and B simultaneously, the
xpression levels of A and B show a positive correlation. If gene
is then affected by a specific disease, the transcription fac-

or can no longer influence gene B, but it continues to activate
ene A. The signs of the normal and tumor sample corre-
ations are opposite when two genes are activated by same
ranscription factor in the normal class, and only one of the
wo genes in the tumor class is activated by this transcription
actor. This situation also happens when one gene is activated
nd another gene is repressed by same transcription factor
n the normal class, and two genes are activated by the same
ranscription factor in the tumor class. For example, transcrip-
ion factor ARNT activates MCL1 and ID2 simultaneously. This
eads to strong interaction between MCL1 and ID2, whereas,
his interaction disappeared in the tumor state (Fig. 4).
Please cite this article in press as: E. Shin, et al., TC-VGC: A Tumor Classifica
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To illustrate and evaluate the efficiency of TC-VGC, we
sed five real microarray datasets: Rha, Singh, Welsh, LaT-
lippe, and Stuart. We compared our method with five existing
ethods: SVM, k-NN, Random Forest, Naïve Bayes, and k-TSP.
Compared to current methods, our method builds a classifier
that has fewer numbers of gene pairs. It can more accu-
rately classify all datasets. Also, the genes which belong to
the set of cancer-specific gene pairs identified by TC-VGC
have a higher chance of being clustered within a gene regula-
tory network, and these clustered gene-regulatory regions can
be cancer specific. This annotated network can be expected
to clarify the unknown genes which cause various types of
tumors.

We expect that the TC-VGC system can be used as an
effective classification tool for microarray data with a limited
sample size and a large number of genes. We also are confident
that our systematic approach will be useful for finding genes of
interest from many cancer types. It could be potentially used
for revealing new regulatory patterns which are specific to a
cancer group.
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