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Abstract—Drug repositioning is an important approach for drug discovery. Computational drug repositioning approaches typically use

a gene signature to represent a particular disease and connect the gene signature with drug perturbation profiles. Although disease

samples, especially from cancer, may be heterogeneous, most existing methods consider them as a homogeneous set to identify

differentially expressed genes (DEGs) for further determining a gene signature. As a result, some genes that should be in a gene

signature may be averaged off. In this study, we propose a new framework to identify gene signatures for cancer drug repositioning

based on sample clustering (GS4CDRSC). GS4CDRSC first groups samples into several clusters based on their gene expression

profiles. Second, an existing method is applied to the samples in each cluster for generating a list of DEGs. Then a weighting approach

is used to identify an intergrated gene signature from all the lists of DEGs. The integrated gene signature is used to connect with drug

perturbation profiles in the Connectivity Map (CMap) database to generate a list of drug candidates. GS4CDRSC has been tested with

several cancer datasets and existing methods. The computational results show that GS4CDRSC outperforms those methods without

the sample clustering and weighting approaches in terms of both number and rate of predicted known drugs for specific cancers.

Index Terms—Drug repositioning, sample clustering, gene signature, gene expression, drug perturbation

Ç

1 INTRODUCTION

TRADITIONALLY, drug discovery industry is mainly about
the screening of chemicals to obtain a small set of potential

compounds [1]. However, further studies are needed to iden-
tify their therapeutic effects on a particular disease. After that,
the satisfied compounds are moving forward to animal tests
and clinical trials [2]. This whole complex process is so long
and expensive that it takes 10-15 years and 0.8-1.5 billion US
dollars to bring a drug from theory to product [3]. To reduce
the time and cost of drug discoveries, researchers propose to
find new usages for existing drugs, which have passed the
evaluation of human safety [4]. Several successful drug repo-
sitioning studies have been published, including sildenafil for
erectile dysfunction [5], thalidomide for severe erythema
nodosum leprosum and retinoic acid for acute promyelocytic
leukemia [6]. However, most of the successful examples of
drug repositioning are from phenotypic drug screening and
target-basedmethods [7], [8].

In recent years, the advances of high-throughput technol-
ogies, which produce a huge amount of transcriptome data,
provide a great opportunity for studying drug reposition-
ing. Based on the transcriptome data, several databases
have been proposed for drug repositioning. Lamb et al. con-
struct a Connectivity Map (CMap) database [9], [10]. In the
database, there are 6,100 profiles in CMap build 2, each
measuring the expression values of 22,283 genes of a cell
line in a particular drug perturbation culture. The total
number of drug perturbations is 1,309. To increase the scale
of perturbations and keep the cost at a low level, the Library
of Integrated Network-Based Cellular Signatures (LINCS) is
developed [11]. The LINCS database only measures the
expression values of 978 genes directly and all other gene
expression values are estimated according to the measured
values. About 19,811 small compound drug perturbations
and 1,319,138 profiles are contained in the LINCS database.

After the construction of CMap and LINCS databases,
several computational drug repositioning approaches have
been proposed (e.g., [12],[13]). These approaches first iden-
tify a gene signature of a particular disease and then calcu-
late the connection scores between the gene signature and
the perturbation profiles in CMap database and/or LINCS
database. The drugs with a connection score smaller than a
threshold are identified as potential drugs for the disease,
which are called drug candidates. Usually, among drug can-
didates, there are some drugs whose treatments for the par-
ticular disease are known, which are called known drugs.
In general, the number of predicted known drugs can dem-
onstrate the accuracy of the gene signature generated by the
prediction method.

Many studies have been done to identify differentially
expressed genes (DEGs), which are candidates of a gene sig-
nature. To identify DEGs, gene expression data, which col-
lect gene expression levels in different tissue samples, are
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needed. The National Center for Biotechnology Information
(NCBI) Gene Expression Omnibus (GEO) [14] is one of the
most comprehensive gene expression databases. Based on
gene expression data, the fold-change thresholding meth-
ods are first used to identify DEGs (e.g., [15], [16]). Each
gene has a fold-change ratio between normal tissue samples
and disease tissue samples. The genes whose fold-change
ratios are larger than a threshold are identified as DEGs.

However, the fold-change thresholding methods do not
take variability into account or can not guarantee reproduc-
ibility [17]. Then the statistic methods are commonly used to
identify DEGs, such as the T-test [18] and Wilcoxon test [19].
Additionally, based on the fact that disease-related proteins
tend to have a larger number of interactions and more shared
neighbors than non-disease proteins [20], genes can be
mapped to protein-protein interaction (PPI) networks and use
network methods to identify DEGs (e.g., [21], [22], [23]). In
many of these studies, the disease tissue samples are treated
as a homogeneous set to identify a gene signature. However,
the samples from the same complex disease (e.g., cancer) are
still heterogeneous as the complex diseases may have several
subtypes. Therefore, treating all disease samples as a homoge-
neous set may average off the differences among the samples.
As a result, DEGs or gene signatures generated by thesemeth-
ods are not good enough and thus their performance for drug
repositioning is degraded.

In this study, we propose a new framework to identify
gene signatures for cancer drug repositioning based on het-
erogeneous sample clustering (GS4CDRSC). GS4CDRSC first
groups cancer samples into a number of clusters based on
their gene expression profiles. Second, an existing method is
applied to the samples in each cluster for generating a list of
DEGs. In the lists of DEGs, a weighting approach is used to
give each of the gene a newweight and sort them in descend-
ing order. Then the top genes are identified as gene signatures
for drug repositioning. Finally, a CMap tool is applied to pre-
dict potential drugs from the integrated gene signature.

To evaluate its performance for drug repositioning,
GS4CDRSC is combined with three existing approaches,
while the k-means algorithm is employed to perform sam-
ple clustering. All the approaches are used to deal with tis-
sue samples and identify a gene signature of a particular
cancer. Then the gene signatures are used for drug reposi-
tioning and each gene signature obtains a list of drug candi-
dates. To evaluate the accuracy of the gene signatures, the
prediction rate of known drugs on the list of drug candi-
dates have been calculated. Based on the known drugs,
other predicted drugs on the list have potential for the same
treatment. From the experiments we can see that with the
proposed GS4CDRSC, higher prediction rates are gener-
ated, which means that GS4CDRSC can improve the perfor-
mance of drug repositioning methods. Finally, we give a
discussion about the predicted potential drugs.

2 METHOD

Typically, the computational drug repositioning approaches
contain two main steps [24]: (1) Identifying DEGs based on a
number of tumor tissue samples and normal tissue samples
from the GEO database or the like, and further determining
a gene signature of the specific cancer based on its DEGs; (2)

Calculating the connection (or correlation) scores between
drugs and gene signatures.

In drug repositioning, the approaches for identifying a
gene signature play an important role. In most approaches,
such as the fold-change thresholding approaches (e.g., [15],
[16], [25]), statistic approaches (e.g., [18], [19]) and network
approaches (e.g., [21], [22], [23]), all the samples from patients
with the same clinical diagnosed diseases are treated as a
homogeneous set. Therefore, the results of existing methods
are not satisfied.

One of the reason is the heterogeneity of cancer samples,
which contain several subtypes. The subtypes of a cancer are
small groups that the cancer can be divided into, based on cer-
tain characteristics of the cancer cells. According to the studies
of cancer cells in the past decades, different hierarchies of sub-
types are proposed. Taking the lung cancer for instance, two
main histological subtypes are non-small cell lung cancer
(NSCLC, 85% of all lung cancers) and small cell lung cancer
(SCLC, 15% of all lung cancers) [26]. There are three subtypes
under the NSCLC, which are squamous cell lung carcinoma,
adenocarcinomas and large cell carcinomas. Additionally,
when looking into the hierarchy of genes and moleculars,
some gene mutation based subtypes are proposed, such as
epidermal growth factor receptor (EGFR)-mutation, kirsten
rat sarcoma viral oncogene homolog (KRAS)-mutation and
anaplastic lymphoma kinase (ALK)-mutation [27]. In clinics,
some subtypes share similar treatments [27]. In our study,
based on the gene expression values of patient samples, we
aiming to improve the performance of drug repositioning
methods based on sample clustering.

2.1 The GS4CDRSC Framework

In this study, we propose the GS4CDRSC framework for
drug repositioning, which focuses on improving the identi-
fication of the gene signature of a specific cancer. The pipe-
line of GS4CDRSC is shown in Fig. 1. Specifically, a
clustering algorithm is first used to divide the cancer sam-
ples into several clusters, each of which is expected to be
homogeneous. Then the existing methods are employed to
identify DEGs and generate a gene list for each sample clus-
ter. In the list, a weighting approach is proposed to give
each of the DEGs a new weight and sort the DEGs in
descending order. Then the top M genes are identified as a
DEG list. An integrated gene signature is determined over
all the DEG lists from different clusters. The genes which
appears in most of the DEG lists are utilized to construct the
integrated gene signature. Finally, the integrated signature
is used to query the CMap database and obtain drug candi-
dates for the cancer under consideration. The detailed steps
are illustrated in the following subsections.

2.2 The Sample Clustering

The sample clustering algorithm is used to produce a num-
ber of clusters that each cluster contains homogeneous sam-
ples. In our proposed GS4CDRSC framework, the k-means
algorithm is used for this purpose although other clustering
algorithms can be used at this step. In the k-means algo-
rithm, the smaller the differences within a cluster, the better
the results are [28].
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Given a set of samples s ¼ fs1; s2; . . . ; sng, where each
sample is a d-dimensional vector and d is the number of
genes in a sample. The squared euclidean distance is used
to measure the difference between two samples as follows:

dist si; sj
� � ¼ Xd

t¼1

si tð Þ � sj tð Þ� �2
: (1)

The k-means algorithm is to obtain k clusters S=
{S1,S2,...,Sk} while the sum of distances within the clusters is
the minimum. The objective of the k-means algorithm is to
find the optimal S such that for a given k the following sum
of squared errors (SSEs) is minimized:

JðSÞ ¼
Xk
i¼1

X
s2Si

dist s;mið Þ; (2)

where mi is the mean of the samples in cluster Si. At the
beginning of the algorithm, mi can be the profile of any sam-
ple. They are iteratively changed until the samples in the
clusters are steady. As a result, all cancer samples are
divided into k clusters. Then cancer samples in each subset
and their corresponding normal samples are paired to make
up a subset of samples for identifying DEGs and gene signa-
tures in the following steps.

In GS4CDRSC, the k-means algorithm is based on DEGs
and expected to obtain homogeneous subsets from all het-
erogeneous samples. Additionally, it is expected to reduce
the effects of outliers in gene expression profiles. When
measuring the values of genes in the microarray platforms,
the accuracies of experiments are influenced by many fac-
tors, such as the pollution of the microarray, which produ-
ces few error values in some samples. When applying the k-
means algorithm, the profiles with error values cannot affect
all the clusters although they may affect some clusters,
which improves its accuracy. Moreover, when considering
the samples in a dataset as a whole set, some genes maybe
averaged and ignored in the gene signature. The clustering
algorithm is proposed to help to identify such genes. As
shown in Table 4, most of the genes in the final signatures
are totally new.

2.3 The DEG Identification for Each Subset

In GS4CDRSC, a list of DEGs is first generated from each sub-
set of homogeneous samples which is obtained in Section 2.2.
Then DEGs are used to identify gene signatures for drug
repositioning. In this subsection, three DEG identification
approaches are briefly described, including the moderated
T test approach, the Wilcoxon test approach and a network
based approach.

2.3.1 The Moderated T Test Approach

The T test is a pioneer approach to identify DEGs from gene
expression profiles. However, the T test doesn’t take into
account the dependencies between genes. To address this
weakness, the moderated T test is proposed [29]. Each gene
is assigned a p-value based on its gene expression values
across all samples. Meanwhile, a fold-change ratio is also
assigned to the gene, according to its average expression
value in normal tissue samples and that in tumor tissue
samples. Then genes with small p-values and large fold-
change ratios are identified as DEGs.

Suppose an expression value ygij is from gene g ¼
f1; . . . ; Hg, array i ¼ f1; . . . ; ng and replicate j ¼ f1; . . . ;mg.
Let sBg be the between-array standard deviation, which is
calculated as follows:

ðsBg Þ2 ¼
m

n� 1

Xn
i¼1

ðygi � ygÞ2; (3)

where ygi is the mean of the replicates of gene g on array i
and yg is the mean of gene g across all arrays. Let sWg be the
within-array standard deviation, which is calculated as fol-
lows:

ðsWg Þ2 ¼ 1

nðm� 1Þ
Xn
i¼1

Xm
j¼1

ðygij � ygiÞ2: (4)

Fig. 1. The flowchart of the GS4CDRSC framework.
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Then a T score is calculated as follows:

T ¼ yg �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
nm½1þ ðm� 1Þr̂�p

sg
: (5)

where r̂ is the correlation of gene between replicates and sg
is calculated as follows:

s2g ¼
ðn�1ÞðsBg Þ2
1þðm�1Þr̂ þ nðm�1ÞðsWg Þ2

1�r̂

� �

nm� 1
: (6)

A p-value is computed based on the T score. The False
Discovery Rate (FDR) a is set to be 0.01 and is controlled by
the Benjamini-Hochberg procedure [30] as follows:

pðMÞ � M

H
a; (7)

where M is the length of gene signature and H is the num-
ber of genes in a sample. The largest M is set to be 100 to
make sure that pðMÞ � 1=H. So that the maximum number
of false genes in the signature is 1.

To construct a gene signature with M genes, the fold-
change ratio between normal and tumor tissue samples are
took into account. Let m1 and m2 be the average expression
values of gene g in normal and tumor tissue samples, respec-
tively. Then the fold-change ratio of gene g is r ¼ m1=m2.

After generating the p-value and fold-change ratio of a
gene, if its p-value is smaller than 1=H and its fold-change
ratio is either larger than R or smaller than 1=R, the gene is
identified as a DEG candidate. Then the satisfied genes are
sorted in ascending order based on their p-values. The ith
gene in the list is given a weight of N � iþ 1ð Þ=N , where N
is the number of genes in the list. As a result, the top M
genes are generated to identify a DEG list of the subset.
Finally, k gene lists are obtained from k subsets.

2.3.2 The Wilcoxon Test Approach

In the Wilcoxon test approach, the p-value of a gene is based
on a Z score [31]. Let the vector of differences between normal
and tumor tissue samples be d ¼ fd1; d2; . . . ; dng. Then the
absolute values of differences are sorted in ascending order
D ¼ fD1;D2; . . . ;Dng, and a sign vector q ¼ fq1; q2; . . . ; qng is
associated with D, whereDi is the ith smallest absolute value
in d. Let dj be the corresponding value ofDi in d, if dj is a posi-
tive value, then qi ¼ 1, otherwise qi ¼ �1. After that, a rank
vector v ¼ fv1; v2; . . . ; vng is generated, where vi ¼ i. Particu-
larly, if Di ¼ Diþ1 ¼ � � � ¼ Diþj, the associated rank value is
calculated as follows:

vi ¼ viþ1 ¼ � � � ¼ viþj ¼
Pj

b¼0 iþ bð Þ
jþ 1

: (8)

Furthermore the Z score is calculated as follows:

Z ¼
Pn

i¼1 qivi
�� ��ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
n nþ1ð Þ 2nþ1ð Þ

: 6
q (9)

After that, the p-value is computed based on the Z score.
The rest steps for obtaining DEGs are similar to those in
Section 2.3.1.

2.3.3 The Network Based Approach

In the network based approach, one important step is to
identify a DEG network from a PPI network [21]. In this
study, we download the PPI data from BioGrid database
[32]. Proteins in the PPI network and their corresponding
genes in expression datasets are used to induce a gene net-
work [33].

In the PPI network, we have some centrality measures
that appropriate for it. The PPI networks have two proper-
ties: small world and free scale [34]. The bridging centrality
works well in scale-free networks [35]. Jeong et al. propose
that proteins with high the degree centrality are more likely
to be associated with essential proteins [36]. Joy et al. con-
clude that the betweenness centrality is more likely to be
essential than the degree centrality [37]. Closeness centrality
and clustering coefficient are another commonly used topo-
logical parameters in biological network analyses [38], [39].

After obtaining a gene network from PPI network, DEGs
generated from each cluster are mapped into the gene net-
work. To obtain a DEG network for each cluster, DEGs and
their direct neighbor genes in the gene network are retained.
Then all other genes are deleted from the gene network.
Finally, the gene network is transformed to a DEG network
for each cluster. In the DEG network, the five centralities are
used to measure the topological importance of genes, includ-
ing the degree centrality, betweenness centrality, bridging
centrality, closeness centrality and clustering coefficient.

Let the DEG network be G ¼ ðV;EÞ, where V ¼
fv1; . . . ; vn1g is the set of n1 vertices and E ¼ fe1; e2; . . . ; en2g
is the set of n2 edges. The degree centrality of a vertex v is
calculated as follows:

CDðvÞ ¼ dðvÞ ¼ NðvÞj j; (10)

where dðvÞ is the degree of vertex v, and NðvÞ is the set of all
neighbor vertices of v.

The betweenness centrality of a vertex v is calculated as
follows:

CBðvÞ ¼
X

s 6¼v 6¼t2V

sstðvÞ
sst

; (11)

where sst is the total number of shortest paths from vertex s
to vertex t and sstðvÞ is the number of those shortest paths
that pass through v.

The bridging centrality is calculated as follows:

CRðvÞ ¼ dðvÞ�1P
i2NðvÞ

1
dðiÞ

� CBðvÞ: (12)

The closeness centrality of vertex v is calculated as fol-
lows:

CCðvÞ ¼ 1P
s disðv; sÞ

; (13)

where disðv; sÞ is the distance between vertices v and s.
The clustering coefficient is calculated as follows:

CLðvÞ ¼ 2� triðvÞ
NðvÞj jð NðvÞj j � 1Þ ; (14)
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where triðvÞ is the number of triangles consisting of vertex v
and its neighbors in G.

After generating all centralities of genes, the values are
normalized to [0, 1] and each gene has a new weight in a
centrality measure. The gene with a large centrality has a
large weight. Then the five weights of a gene are summed
up to a new weight. All genes are sorted in descending
order according to the new weight. Then the ranked gene
list is used to generate a gene signature.

2.4 The Gene Signature Determination

In previous sections, we have generated several gene lists
from each of the methods applied in a dataset of the cancers.
In this section, we describe a weighting approach to deter-
mine the gene signature from those gene lists.

Suppose we have L datasets of a cancer, each has k clus-
ters. In each cluster, a number of tumor tissue samples and
normal tissue samples are contained. One of three previous
approaches is used to generate a gene list from a cluster.
Then we are handling with L� k gene lists. Each gene in
the list has a sign, either + or -, corresponding to the up-
regulation or the down-regulation. To identify the up-
regulation and the down-regulation, the average expression
values of genes in tumor and normal tissue samples are cal-
culated. An up-regulated gene has larger average expres-
sion value in tumor tissue samples than that in normal
tissue samples. A down-regulated gene is the opposite,
which has smaller average expression value in tumor tissue
samples than that in normal tissue samples.

In addition, a gene on each of the list has a weight, which
is based on three factors, including p-values, statistic
powers and sample size. The p-values are used to describe
the Type I error (also known as the false positive), while the
statistical powers are used to describe the probability of
Type II error (the false negative).

The first factor of weight depends on the rank of p-value
in the gene list. The genes are sorted in ascending order
based on their p-values. The ith gene in the list has the ith
smallest p-value. Then its first factor of weight is w1 ¼
ðnl þ 1� iÞ=nl, where nl is the length of the gene list. If the
gene is up-regulated, w1 has a positive sign, and otherwise
it has a negative sign. The larger the statistical power is, the
lower probability Type II error occurs. The statistical power
(SP) is the second part of weight, i.e., w2 ¼ SP . The sizes of
the clusters are different. Then we use the size ratio w3 ¼
nc=nd to be the third part of weight, where nc and nd are the
sizes of a cluster and a dataset, respectively. Finally, the
weight of a gene in a cluster is calculated as w1 � w2 � w3.
In this multiplication procedure, the normalization is not an
essential step. The ranges of w1 and w2 are [0, 1] and the w3

only has 2 possible values, when k is set to be 2. If we apply
a normalization to the weights, the possible values of w3 are
0 and 1, that the identified genes are totally based on the
larger clusters. After the multiplication, the final weights of
a gene are summed up on all L� k gene lists and sorted in
descending order according to the absolute value. In this
procedure, the normalization is not essential yet. Suppose
the values of w3 are different, then the ranges of w1 � w2 �
w3 in different clusters are not the same. If we apply a nor-
malization, the w3 fails to play a role. In addition, we think

these three weight factors independently contribute to the
final weight. According to the Bayesian rule, the multiplica-
tion of independently contribution is more reasonable. So
we don’t apply normalization after the multiplication.

After generating the final gene list, the top M genes are
identified as the gene signature of the cancer. The largest
value of M is described in Section 2.3.1. In the BH proce-
dure, it tends to be a strong assumption that there are few
signals. In the microarray studies, most genes are not
related to the cancers [40]. After the multiplication of w1 �
w2 � w3, these assumptions are also satisfied, that more
than 99.7% of the multiplied values in the experiments are 0.

2.5 The Connection Score Calculation

In this study, the sscMap platform [41] is used to calculate
the connection score between a cancer (represented by its
gene signature) and a drug candidate (represented by its
induced cell line expression profile in the CMap database).

Given a cancer gene signature G ¼ fg1; g2; . . . ; gMg and a
drug induced profile Pjð1 � j � NÞ, where M is the number
of genes in the integrated gene signature, and N is the num-
ber of drug induced profiles in the CMap database. The
genes in Pj are sorted in descending order based on their
expression values and PjðgiÞ is denoted as the rank of gene
gi in the profile Pj. Then an intermediate connection score
ICS is calculated as follows:

ICSðG;PjÞ ¼
XM
i¼1

sðgiÞðI þ 1� PjðgiÞÞ; (15)

where I is the number of genes in the drug induced profile.
A positive maximum connection score occurs when all

the genes in a signature G are up-regulated genes and they
are the same as the top s genes in a drug induced profile Pj.
Then a positive maximum connection score PMCS is calcu-
lated as follows:

PMCSðG;PjÞ ¼
XM
i¼1

ðI þ 1� iÞ: (16)

Then the connection score between a cancer gene signa-
ture G and a drug induced profile Pj is calculated as fol-
lows:

CSðg; PjÞ ¼ ICSðG;PjÞ
PMCSðG;PjÞ : (17)

In general, the range of the connection score is [�1,1]. A
connection score -1 indicates that the cancer gene signature
and the drug-induced profile are most negative correlated,
which is the best situation that the drug has a potential
treatment for the cancer.

Additionally, a p-value is assigned to the connection
score CSðG;PjÞ. A number of random gene signatures are
identified that the number of genes in a random gene signa-
ture is set to be n. Then the connection scores between the
random gene signatures and the drug-induced profile Pj

are obtained. After that, the p-value is the ratio of the ran-
dom gene signatures whose connection scores are smaller
than CSðG;PjÞ. The p-value threshold is set to be 1=U ,
where U is the number of drugs in the CMap database.
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Finally, only the drugs whose connection scores are nega-
tive and p-values are smaller than 1=U are identified as
drug candidates.

3 EXPERIMENTS AND RESULTS

In this section, we apply our proposed GS4CDRSC frame-
work on six cancers, including cervical cancer (CC), prostate
cancer (PC), kidney cancer (KC), breast cancer, (BC) colorec-
tal cancer (CRC), and non-small cell lung cancer (NSCLC).
In the experiments, the gene signatures are generated by the
three methods described in Section 2.3 with GS4CDRSC,
including the clustering and weighting procedures. To
make a comparison, the gene signatures are also generated
by those methods without GS4CDRSC.

When evaluating the performance of drug repositioning
methods, the prediction rate is proposed, which is the rate
of the predicted known drugs to all the predicted drugs.
The known drugs are the drugs that have shown their thera-
peutic effects in the particular cancer, alone or cooperate
with other drugs. The annotations of all known drugs iden-
tified by GS4CDRSC are discussed in each case. For the
approach to identify a gene signature of a cancer, the larger
prediction rate with the gene signature can obtain, the better
accuracy the gene signature should be. Then the other drug
candidates have the potential to achieve the same treat-
ments of the known drugs. We also discuss some annota-
tions about the potential drugs.

3.1 Datasets

In this study, all gene expression datasets of the cancers are
downloaded from the Gene Expression Omnibus (GEO) data-
base [14]. In the GEO database, each cancer has several data-
sets. However, many of those datasets contain tumor tissue
samples only. In our proposed framework, the generated
datasets should contain both a number of cancer samples and
a number of normal samples. The datasets of CC, PC, KC, BC,
CRC andNSCLC are utilized in the experiments.

BC is the most common cancer in women, the cancer cells
are formed in the breast. To study its gene signature, three
gene expression datasets of breast cancer GSE10780, GSE15852
and GSE50948 are used in this study. PC is the most common
cancer in men. It starts in the prostate. To study its gene signa-
ture, the dataset GSE46602 is used in this study. Lung cancer is
the secondmost common cancer in bothmen andwomen. It is
a disease inwhich the cancer cells form in the lung. About 85%
of lung cancers areNSCLC. To study its signatures, three data-
setsGSE10072, GSE19804 andGSE27262 are used in this study.
CRC is the third leading cause of cancer-related deaths in both
men and women in the United States. The cancer cells form in
the colon or rectum. To study its gene signatures, three data-
setsGSE21510, GSE41258 andGSE49355 are used in this study.
CC is the fourth most common cancer in women. It is the can-
cer that starts in the cervix. It. To study its gene signature, the
dataset GSE63514 is used in this study. KC is a disease that
starts in the kidney. The terms kidney cancer and renal cell car-
cinoma (RCC) are often used interchangeably. To analyze its
gene signature, the dataset GSE53757 is downloaded.

All the datasets are listed in Table 1 and belong to two plat-
forms: GPL96 and GPL570. The GPL96 platform contains
22,283 probe sets, while the GPL570 platform contains 54,675

probe sets. Although the GPL 570 platform produces more
information than the GPL96, the drug repositioning profiles
in CMap are based on the GPL96 platform. To integrate the
datasets from two platforms, we generate datasets with the
22,277 common probe sets among them. All the datasets are
normalized using Robust multi-array average (RMA)method
[42] and log2-transformed.

In addition, we also study the associations of RNA_Seq
datasets with the CMap database. The RNA_Seq datasets
are downloaded from the Cancer Genome Atlas (TCGA)
program in National Institutes of Health (NIH) [43]. To
study the performance on RNA-Seq datasets, we generate 6
datasets from the database, including breast, bronchus and
lung, cervix uteri, colon, kidney and prostate. In addition to
the previous approaches, we utilize two new approaches to
identify DEGs from RNA_Seq datasets, which are DESeq2
[44] and edgeR [45]. However, the prediction rates of the
signatures generated from edgeR is 0 in all cases. Mean-
while, the prediction rates of DESeq2 is 0 in 3 cases, 0.1 in 2
cases and 0.2 in the colon tumor case. Then we try to scruti-
nize the possible reasons of it. The number of probes in
RNA_Seq datasets is 60,483. Mapping the genes in the
RNA_Seq dataset to the genes in CMap is an essential pro-
cess. The Entrez gene IDs are used to be an intermediate to
connect these two coding projects. However, only 13,845
probes in RNA_Seq data have their corresponding Entrez
genes. Most of the information is lost, which leads to worse
results. Thus we don’t utilize the RNA_Seq data in the
experiment.

3.2 Cluster Analysis

Before we compare the performance of the approaches with
and without GS4CDRSC, we first determine the value of k
for the k-means algorithm in GS4CDRSC. Actually, the
determination of k for the k-means algorithm is a challeng-
ing issue. Although there is no best method for this issue in
principle, one of the useful empirical methods is the Silhou-
ette method [46]. In this study, the Silhouette method is uti-
lized to generate validation of consistency within clusters.

As discussed in previous section, given a sample si in a
cluster SI , the mean distance between si and all other sam-
ples in cluster SI is

TABLE 1
The Number of Samples and Platforms in Each Dataset

Cases Datasets Platforms Numbers of Samples

Breast GSE50948 GPL570 80
GSE15852 GPL96 86
GSE10780 GPL570 84

Cervical GSE63514 GPL570 48

Colon GSE21510 GPL570 70
GSE41258 GPL96 88
GSE49355 GPL96 30

Kidney GSE53757 GPL570 144

Lung GSE10072 GPL96 48
GSE19804 GPL570 96
GSE27262 GPL570 50

Prostate GSE46602 GPL570 28
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aðiÞ ¼ 1

jSI j � 1

X
j2SI ;i6¼j

distðsi; sjÞ: (18)

Then the smallest distance between si and all samples in
any other clusters is

bðiÞ ¼ min
K 6¼I

1

jSK j
X
j2SK

distðsi; sjÞ: (19)

Now we can calculate a silhouette value of a sample si:

sðiÞ ¼ bðiÞ � aðiÞ
maxfaðiÞ; bðiÞg ; jSI j > 1: (20)

If jSI j ¼ 1, then sðiÞ ¼ 0. Thus the average value of sðiÞ
over all samples is a measure of how appropriately the data-
set have been clustered. A larger silhouette value refers to a
better cluster result. As shown in Fig. 2, we have evaluate
the 12 datasets in our experiments and the value k is ranging
from 2 to 10. When k is set to be 2, the Silhouette values
achieves the largest value in all the datasets. Then we uti-
lized k=2 in our experiments.

3.3 Statistical Analysis

In our GS4CDRSC framework, we used the k-means algo-
rithm to identify clusters fromgene expressiondatasets. How-
ever, compared with the whole datasets, the size of each
cluster is smaller. In this section, we learn the statistical influ-
ence of the changes of the sizes. The statistical power (SP) is
the probability that it will reject a false null hypothesis.

Suppose we have np pairs of tumor-normal tissues. The
average expression value of gene g in tumor tissues is mt,
while the standard deviation is sdt. Then average expression
value of gene g in normal tissue ismn while the standard devi-
ation is sdn. The confidence level of the test is set to be 0.05,
then the critical z score is 1.96 and �1.96. The SP is calculated
as follows:

SP ¼ F Z > 1:96� ðmt �mnÞ ffiffiffiffiffi
np

p
sdn

� 	

þ 1�F Z > �1:96� ðmt �mnÞ ffiffiffiffiffi
np

p
sdn

� 	
;

(21)

where the z score has a corresponding confidence level.
Then the SP of gene g is obtained.

The SP is inversely related to the probability of making a
Type II error. If a DEG has a large SP, it has a small possibil-
ity to be a non-DEG. To study the difference of SPs between
the undivided dataset and the clusters, we calculate the SPs
of all genes. To see the comparison of the changes clearly,
we generate the average SPs of DEGs in each case and list
them in Table 2. Among the 24 clusters, the average SP of 11
clusters are larger and those of 5 clusters are equal to those
of the datasets. Then we can conclude that although the k-
means algorithm decreases the size of profiles in each clus-
ter, the SPs achieve benefits from it in a larger part.

3.4 Experiments

In the experiments, we applied our proposed GS4CDRSC
framework to six types of cancers. To make a comparison
between with and without using the clustering and weight-
ing approaches, we utilized three different approaches to
identify DEGs in our framework, as shown in Table 3. The
prediction rates of all the comparisons are listed in Table 3.
In most cases, we use the gene signature to identify 10
potential drugs. However, the numbers of potential drugs
in some cases are less than 10.

In two cases CRC and BC, our GS4CDRSC framework
achieves the higher prediction rates than without it. In the
CC and KC cases, the approaches without our proposed
framework cannot identify any known drug. In the PC and
NSCLC cases, our GS4CDRSC framework could improve
the prediction rates in two out of three approaches. The
weakness of our proposed framework is that it cannot help
to identify any drug of CC with moderated T test and KC
with network-based approach. All the known drugs are dis-
cussed in Section 3.6.

3.5 Overlaps of the Signatures

In the experiments, one type of the comparison is the gene
signatures between with and without the clustering and
weighting approaches in our proposed framework. We gen-
erate the rates of overlapped DEGs among the signatures,
as shown in the Table 4. In general, the rates are small. That
most genes identified with our proposed framework are
new. We also compared the numbers of overlapped DEGs

Fig. 2. The Silhouette values in each dataset. k is ranging from 2 to 10.

TABLE 2
The Average Statistical Powers and the Number of

Tumor-Normal Sample Pairs in all Clusters and Datasets

Cancers Datasets Cluster 1 Cluster 2 Undivided

NSCLC GSE10072 0.9873 15 0.9867 9 0.9873 24
GSE19804 0.9892 23 0.5539 25 0.9878 48
GSE27262 0.8153 9 0.8134 16 0.8153 25

CRC GSE21510 0.9954 25 0.9950 10 0.9954 35
GSE41258 0.9928 34 0.9903 10 0.8282 44
GSE49355 0.8794 8 0.7011 7 0.7838 15

CC GSE63514 0.8330 9 0.8199 15 0.3412 24

PC GSE46602 0.8681 7 0.8624 7 0.8681 14

KC GSE53757 0.9964 34 0.9967 38 0.9964 72

BC GSE50948 0.9347 19 0.5966 21 0.8924 40
GSE15852 0.9858 23 0.5680 20 0.9737 43
GSE10780 0.9883 24 0.9887 18 0.9480 42
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between two or three approaches with our proposed frame-
work in Table 5.

3.6 Annotations of the Known Drugs

In this section, we discuss about the treatments of the
known drugs in six cases. Many researchers have done a lot
of studies about drugs and treatments. In all the cases, the
histone deacetylase (HDAC) inhibitor is the largest type of
drugs. Meanwhile, the HDAC inhibitors are used in the
clinic of many cancers. Some drugs show individual treat-
ment for a specific cancer. Some drug combinations are
effective in some clinical trials.

3.6.1 Non-Small Cell Lung Cancer

Among the prediction results of our proposed framework,
there are 4 drugs, clindamycin, glibenclamide, resveratrol
and indomethacin, whose treatments have been studied. Gli-
benclamide is predicted by all three approaches, which is a
medication used to treat diabetes mellitus type 2. It inhibit
multidrug resistance protein 1 (MRP1) activities in human

lung cancer cells and enhance the sensitivity of them to anti-
cancer drugs [48]. Clindamycin is predicted by two of the
approaches. It is a type of antibiotics. The combination of clin-
damycin and erlotinib is used for treating NSCLC and reduc-
ing the side effect of skin rash [47]. Resveratrol is a stilbenoid,
a natural phytoalexin found in many food products, which
can down-regulate the expression of survivin and induce the
apoptosis in multidrug-resistant human NSCLC cells [49]. In
addition, resveratrol can enhance the anti-tumor effects of the
epidermal growth factor receptor (EGFR) inhibitor erlotinib
in NSCLC cells [83]. Indomethacin is a nonsteroidal anti-
inflammatory drug. It induces apoptosis in a doxorubicin-
resistant lung cancer cell line through an MRP1-dependent
mechanism [50].

3.6.2 Colorectal Cancer

Among the predicted drug lists, there are 12 drugs whose
treatments have been studied, including tetrandrine, indo-
methacin, valproic acid, erastin, LY-294002, thioridazine,
resveratrol, trichostatin A, methotrexate, trifluridine, etopo-
side and irinotecan. Valproic acid and trichostatin A are
HDAC inhibitors. Valproic acid has been reported to impair
the tumor-cell-induced angiogenesis [84]. It has also been
shown to enhance the radiation response in CRC [53]. Tri-
chostatin A reverses epithelialmesenchymal transition in
colorectal cancer and induces apoptosis [57], [85].

Tetrandrine has anti-inflammatory, immunologic and anti-
allergenic effects. It inhibits Wnt/b-catenin signaling and sup-
presses tumor growth of human colorectal cancer [51].
Indomethacin is a nonsteroidal anti-inflammatory drug. It sup-
presses growth of colon cancer via inhibition of angiogenesis in
vivo [52]. Erastin is a small molecule capable of initiating fer-
roptotic cell death. It disruptsmitochondrial permeability tran-
sition pore (mPTP) and induces apoptotic death of colorectal
cancer cells [54]. LY-294002 is a phosphatidylinositol 3-kinase
(PI3K) inhibitor. It has been demonstrated to inhibit the cell
growth and induce the cell apoptosis in colon cancer cell lines
[55]. Thioridazine is an antipsychotic drug. It inhibits the prolif-
eration of colorectal cancer stem cells through induction of apo-
ptosis [56]. Resveratrol can depress the growth of colorectal
aberrant crypt foci by affecting bax and p21 expression [58]. In
further studies, it can inhibit the invasion and metastasis of
CRC, in which long non-coding Metastasis Associated Lung

TABLE 3
The Prediction Rates by Two Types of Gene Signatures
Identified in Six Cancer Cases and Three Approaches

Cancers Approaches Without With

NSCLC Moderated T test 0.20 0.20
Wilcoxon 0.12 0.67*

Network based 0.14 0.30

CRC Moderated T test 0.20 0.40
Wilcoxon 0.12 0.30

Network based 0.12 0.60

CC Moderated T test 0.00 0.00
Wilcoxon 0.00 0.29*

Network based 0.00 0.20

PC Moderated T test 0.00 0.40
Wilcoxon 0.25 0.25*

Network based 0.00 0.60

KC Moderated T test 0.00 1.00*

Wilcoxon 0.00 0.25*

Network based 0.00 0.00

BC Moderated T test 0.13 0.30
Wilcoxon 0.09 0.30

Network based 0.07 0.20

*The number of drugs in the result is less than 10. Without: The signatures are
generated from the datasets without our proposed framework. With: The signa-
tures are generated from the GS4CDRSC framework with the clustering and
weighting procedures.

TABLE 4
The Rates of the Overlapped Genes in the Signatures From the
Approaches With Our Proposed Framework, Compared to the

Approaches Without Our Proposed Framework

Cases Moderated T test Wilcoxon test Network based

NSCLC 0.49 0.04 0.37
CRC 0.03 0.08 0.44
CC 0.18 0.05 0.18
PC 0.22 0.02 0.11
KC 0.03 0.00 0.52
BC 0.03 0.03 0.23

TABLE 5
The Rates of Overlapped Genes Between
Two or Three Approaches in all Cases

Cases Compare 1 Compare 2 Compare 3 Compare 4

NSCLC 0.22 0.40 0.21 0.11
CRC 0.13 0.23 0.18 0.06
CC 0.17 0.17 0.18 0.05
PC 0.16 0.15 0.05 0.05
KC 0.03 0.17 0.04 0.00
BC 0.16 0.13 0.09 0.02

All the approaches are combined with our proposed framework.
Compare 1: Between the moderated T test and network based approaches.
Compare 2: Between the moderated T test and Wilcoxon test approaches.
Compared 3: Between the network based and Wilcoxon test approaches.
Compared 4: Between all the 3 approaches.
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Adenocarcinoma Transcript 1 (RNA-MALAT1) plays an
important role [86].

Methotrexate is an immune system suppressant that also
has antitumor treatments in breast cancer and lung cancer.
The combination of leucovorin and fluorouracil with it is an
active regimen in advanced colorectal cancer [59]. Trifluridine
is an anti-herpesvirus antiviral drug. It has recently been
approved for the treatment of adult patients with metastatic
colorectal cancer [60]. Etoposide a chemotherapy medication
used for the treatments of a number of types of cancer. It has
anti-proliferative effects in colon cancer cells [61]. Irinotecan a
medication used to treat colon cancer and small cell lung can-
cer. The treatment of it plus fluorouracil and leucovorin is bet-
ter than a widely used therapeutic regimen of fluorouracil
and leucovorin [62]

3.6.3 Cervical Cancer

In the results, only 3 drugs have been studied for their treat-
ment of cervical cancer. LY-294002 is s potent inhibitor of
numerous proteins, and a strong inhibitor of phosphoinositide
3-kinases (PI3Ks). Its PI3K inhibition produces significant
radiosensitization, and increase apoptosis in human cervical
cancer cell lines [64]. Sirolimus, also known as rapamycin, is a

macrolide compound. It can significantly enhance the sensitiv-
ity of CaSki cells (a type of human cervical cancer cell lines) to
paclitaxel, which is effectively against cervical cancer [63]. Val-
proic acid is used to treat certain types of seizures. It has shown
its antitumor effects in NSCLC and CRC. It inhibits the in vitro
angiogenic potential of human cervical cancer cells [65].

3.6.4 Prostate Cancer

There are 9 known drugs in the predicted results. Trichosta-
tin A is an HDAC inhibitors and have shown antitumor
effects in different types of cancers. It reduces cell invasion
and migration abilities in prostate cancer cells [57]. Pyrvi-
nium is a known drug for cervical cancer. Androgen recep-
tor (AR) is a type of nuclear receptor. It has a key role in
prostate cancer progression [87]. Pyrvinium can suppress
prostate cancer cells through of endogenous AR in human
prostate cancer cell lines [66], [88]. Gossypol is a nature phe-
nol derived from the cotton plant. It is currently in phase II
clinical trials as an adjuvant therapy for human prostate
cancer [73]. Geldanamycin is an antitumor antibiotic that
has inhibition of angiogenesis in prostate cancer cells [67].

Desipramine is a tricyclic antidepressant (TCA) used in the
treatment of depression. It causes apoptosis via inducing

TABLE 6
The Known and Potential Drugs of Six Cancers Identified by the Three Approaches With GS4CDRSC

NULL in the table indicates that there’s no result in the experiment.
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c-Jun NH2-terminal kinase (JNK)-associated caspase-3 activa-
tion[68]. Sirolimus shows treatment in both androgen depen-
dent and independent prostate cancer cells [69]. Withaferin A
is a steroidal lactone. It induces mitotic catastrophe and
growth arrest in prostate cancer cells [70]. Menadione is an
organic compound. The combination of ascorbate and mena-
dione induces cell death in human prostate cancer cells [71].
Thioridazine have shown treatment in colorectal cancer. It sig-
nificantly inhibited the growth of prostate cancer cells in vitro
(including androgenindependent colonies) [72].

3.6.5 Kidney Cancer

Only 2 drugs have shown their treatment for kidney cancer.
LY-294002 is a PI3K inhibitor and PI3KAkt signaling cas-
cade is, in theory, an ideal therapeutic target for this kidney
cancer [89]. The combination of LY-294002 with gefitinib
suppresses the viability of gefitinib-resistant kidney cancer
cell lines [74]. Anisomycin is an antibiotic which inhibits
eukaryotic protein synthesis. It sensitizes human kidney
cancer cells to the tumor necrosis factor (TNF)-related apo-
ptosis-inducing ligand (TRAIL)-induced apoptosis [75].

3.6.6 Breast Cancer

There are 7 known drugs in the predicted results. Metformin
and MS-275 have shown antitumor effects in a variety of can-
cers. Metformin is an AMP kinase-dependent growth inhibi-
tor for breast cancer cells [76]. MS-275 is an HDAC inhibitor,
that it inhibits the tumor progression, angiogenesis, and
metastasis of breast cancer [80].Oligomycin is amacrolide cre-
ated by Streptomyces. It abolishes the growth of human breast
cancer cells at remarkably low concentrations [77]. Danazol a
medication used in the treatment of endometriosis. It is an
effective treatment for advanced breast cancer [78]. Rosiglita-
zone is an antidiabetic drug. It sensitizes breast cancer cells to
anti-tumor effects of TNF-a, CH11 and CYC202 [79]. Fulves-
trant is a medication that used to treat hormone receptor
(HR)-positive metastatic breast cancer [82]. Arotinoid acid
(TTNPB) proves to be 100 times more effective than all-trans-
retinoic acid (atRA), which also has great growth inhibition of
breast cancer cells [81].

3.6.7 Discussions About the Predicted Drugs

In the experiments, we have identified some small compound
drugs that have shown treatments against cancers and some
drugs that may have potential treatments. In former subsec-
tions, we have talked about the treatments of the known
drugs, which are sidewitnesses of the predicted drugs. In this
section, we discuss about some of the predicted drugs that
have anti-tumor effects in a variety of cancers.

Among the predicted results of NSCLC, danazol and
TTNPB have shown some treatments against a variety of
cancers, which denotes the potential anti-tumor effects on
NSCLC. In the predicted drugs of CRC, chlorhexidine, dau-
norubicin and oligomycin are known drugs for different
cancers. In the third CC case, nortriptyline has shown treat-
ments on a many types of cancers. In the predicted drugs of
PC, tanespimycin and thiostrepton are identified as anti-
tumor agents in a variety of cancers. In the results of KC, iri-
notecan, fulvestrant and erastin have some treatments for
different cancers. In the predicted drugs of BC, clindamycin,

estradiol, gabexate and altretamine are anti-tumor agents in
many cancers. Especially, altretamine is predicted by all
three approaches with our proposed framework.

4 CONCLUSION

In this study, we have proposed a GS4CDRSC framework to
identify a gene signature of a particular cancer for drug reposi-
tioning. After sample clustering, the existing DEG approach is
performed a number of times based on the k clusters. At each
time, a list of DEGs is identified from each cluster. Then the
DEGs from all clusters are used to generate an integrated gene
signature. Comprehensive experiments have been conducted
to evaluate the performance of the proposed framework. The
results demonstrate the effectiveness of GS4CDRSC in identify-
ing a gene signature. With the proposed framework, the gene
signatures identified from existing approaches can obtainmore
known drugs and the prediction rates of known drugs in drug
candidates are larger than the approaches without the frame-
work. In future, we would study more data and expand the
applications of the proposed framework for drug repositioning.
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