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Big data science towards biology has emerged as an im-
portant research and application field. The scope of big
data bioinformatics and the need for integrated systems
biology applications have posed significant challenges to
computing systems. With the growing deluge of molecu-
lar biological data, big data methodologies, including data
mining algorithms and processing techniques, are becoming
particularly relevant. These encompass data accumulation,
storage, retrieval, classification, and visualization.These have
become increasingly important themes of research in the past
decade. Network analysis has become popular for systems
level analysis of biological phenomena. Both micro- and
macrolevel biological networks of various types facilitate
the development of theory and methodology for solving
core scientific issues. The application ranges from studies
of ecological structure, biodiversity and environment, and
evolution and extinction of species. It is also more widely
used in studies on metabolic regulation and biomarker iden-
tification particularly for noncommunicable diseases such
as cancer, Alzheimer’s disease, and diabetes. The versatility
of these topics, theory and methodology of big data and
network biology, justifies the aims and scope of this special
issues. The present special issue is however not an exhaustive
representation of these topics.

This special issue contains six papers. One article presents
a biomedical text mining approach and another article talks
about algorithms for inferring gene regulatory networks.
Four other papers present methodology related to genomics,
transcriptomics, metabolomics, and drug repositioning.

The paper “Novel Approach to Classify Plants Based on
Metabolite-Content Similarity” proposed an unsupervised
approach to classify plants based on their known metabolite
content data. Plants were classified based on structurally sim-
ilar metabolite groups to reduce the influence of incomplete
data. The resulting plant clusters were found to be consistent
with known evolutional relations of plants and reveal the
significance of metabolite content as a taxonomic marker.

The paper “A Systematic Framework for Drug Reposi-
tioning from Integrated Omics and Drug Phenotype Profiles
Using Pathway-Drug Network” proposes a systematic frame-
work that employs experimental genomic knowledge and
pharmaceutical knowledge to reposition drugs for a specific
disease. The experimental results showed that the proposed
framework is a useful approach to discover promising candi-
dates for breast cancer treatment.

The paper “MapReduce Algorithms for Inferring Gene
Regulatory Networks from Time-Series Microarray Data
Using an Information-Theoretic Approach” proposes new
MapReduce algorithms for inferring gene regulatory net-
works (GRNs) on a Hadoop cluster in a cloud environment.
These algorithms employ an information-theoretic approach
to infer GRNs using time-series gene expression profiles.
Experimental results show that their MapReduce program is
much faster and achieves slightly better prediction accuracy
than a state-of-the-art R program.

The paper “Correlation-Based Network Generation,
Visualization, and Analysis as a Powerful Tool in Biological
Studies: A Case Study in Cancer CellMetabolism” introduces
one of a series of methods for correlation-based network
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generation and analysis using freely available software. The
pipeline used publishedmetabolomics data of a population of
human breast carcinoma cell lines MDA-MB-231 under nor-
mal and hypoxia conditions.The analysis revealed significant
differences between the metabolic networks in response to
the tested conditions.

The paper “Semisupervised Learning Based Disease-
Symptom and Symptom-Therapeutic Substance Relation
Extraction from Biomedical Literature” presents a method of
constructing two models for extracting the relations between
the disease and symptom, and symptom and therapeutic sub-
stance from biomedical texts, respectively. The authors apply
two semisupervised learning algorithms, Co-Training and
Tri-Training, to boost the relation extraction performance.

Horizontal gene transfer (HGT) has had an important
role in eukaryotic genome evolution.Thepaper “Horizontally
Transferred Genetic Elements in the Tsetse Fly Genome: An
Alignment-Free Clustering Approach Using Batch Learning
Self-Organising Map (BLSOM)” employs BLSOM to explore
the genome of Glossina morsitans for evidence of HGT from
microorganisms. The predicted donors of HGT candidate
include diverse bacteria that have not previously been asso-
ciated with the tsetse fly. These findings provide a basis for
understanding the coevolutionary history of the tsetse fly and
its microbes and establish the effectiveness of BLSOM for the
detection of HGT.
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Gene regulation is a series of processes that control gene expression and its extent. The connections among genes and their
regulatory molecules, usually transcription factors, and a descriptive model of such connections are known as gene regulatory
networks (GRNs). Elucidating GRNs is crucial to understand the inner workings of the cell and the complexity of gene interactions.
To date, numerous algorithms have been developed to infer gene regulatory networks. However, as the number of identified genes
increases and the complexity of their interactions is uncovered, networks and their regulatory mechanisms become cumbersome
to test. Furthermore, prodding through experimental results requires an enormous amount of computation, resulting in slow data
processing. Therefore, new approaches are needed to expeditiously analyze copious amounts of experimental data resulting from
cellular GRNs. To meet this need, cloud computing is promising as reported in the literature. Here, we propose new MapReduce
algorithms for inferring gene regulatory networks on a Hadoop cluster in a cloud environment. These algorithms employ an
information-theoretic approach to infer GRNs using time-series microarray data. Experimental results show that our MapReduce
program is much faster than an existing tool while achieving slightly better prediction accuracy than the existing tool.

1. Introduction

Current biotechnology has allowed researchers in various
fields to obtain immense amounts of experimental infor-
mation, ranging from macromolecular sequences and gene
expression data to proteomics and metabolomics. In addi-
tion to large-scale genomic information obtained through
such methods as third-generation DNA sequencing, newer
technology, such as RNA-seq and ChIP-seq, has allowed
researchers to fine-tune the analysis of gene expression
patterns [1–3]. More information on interactions between
transcription factors and DNA, both qualitative and quanti-
tative, is increasingly emerging from microarray data [4–6].
Although microarrays alone do not provide direct evidence

of functional connections among genes, the attachment of
transcription factors (TFs) and their binding sites (TFBSs),
located at specific gene promoters, influences transcription
and modulates RNA production from a particular gene, thus
establishing a first level of functional interaction. Since the
TFs are gene-encoded polypeptides and the target TFBSs
belong to different genes, analyses of TFs-TFBSs interactions
could reveal gene networks and may even contribute to the
elucidation of unknown GRNs [7]. Besides contributing to
inferring and understanding these interactions, determin-
ing GRNs also provides models of such connections [8].
GRNs could be the basis to infer more complex networks,
encompassing gene, protein, and metabolic spaces, as well as
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the entangled and often overlooked signaling pathways that
interconnect them [9–13].

The core GRN apparatus consists of the sum of cis-
regulatory modular DNA sequence elements that interact
with TFs. These sequences read and process information
incoming from the cell, transducing it into the formation
of gene products while modulating their abundance [14].
To make them easier to understand, GRN models must be
genome-oriented and viewable at different levels, from global
patterns of gene expression, down to cis-regulatory DNA and
nucleotide sequences [15].

Interactions among genes are mediated by gene products
such as DNA-binding proteins (including TFs) and miRNAs.
The analyses of gene interactions can be difficult if time-
series data are part of the experimental design [16]. Analysis
of genes, gene products, and metabolism (the Three Spaces
of gene networks) would require additional computing
resources. Among the previously ignored components of
gene networking are miRNAs [17, 18]. In addition to their
importance as regulatory elements in gene expression, the
capacity of miRNAs to be transported from cell to cell impli-
cates them in a panoply of pathophysiological processes that
include antiviral defense, tumorigenesis, lipometabolism,
and glucose metabolism [16].This role in disease complicates
our understanding of translational regulation via endogenous
miRNAs. In addition,miRNAs seem to be present in different
types of foods [19] with potential implications in human
health and disease. Understanding the biogenesis, transport,
and mechanisms of action of miRNAs on their target RNA
would result in possible therapies, requiring large amounts
of computational power, which can be attained by cloud
computing and process parallelizing.

Detailed experimental analysis of several functional regu-
latory elements has revealed that they consist of dense clusters
of unique, short DNA sequences specifically recognized by
a range of TFs. Biochemically, protein-binding to these
sequences controls the regulatory output of the clusters and,
from an informational perspective, clustered specific target
sites determine the type of regulatory outcome and the
cellular functions that will be performed. GRNs are encoded
in the DNA and can be thought of as a sequence-dependent
regulatory genome, given that TFs recognize specific short
DNAmotifs.The small length of thesemotifsmeans that they
will occur frequently but randomly within the enormity of
the total genome of a particular organism [20–22].Therefore,
to parse functional regulatory elements using bioinformatics
requires the analysis of copious amounts of genomic data.

Analyses of time-series data from microarrays can show
the chronological expression of specific genes or groups
of genes. These temporal patterns can be used to infer or
propose causal relationships in gene regulation [23]. Thus,
genes in logical networks can modulate the extent of each
other’s gene expression over the life span of a cell or a
whole organism. Time-series microarray data shed light on
a complex but measurable regulatory system, allowing for a
more precise inference of gene interaction.

Numerous algorithms have been developed for inferring
GRNs [24–27]. In this paper, we present a new approach,
tailored to cloud computing, to infer GRNs using time-series

microarray data. Using time as a variable in the analysis of
GRNs permits the study of changes in cellular phenotype, as
opposed to a snapshot in a limited time frame that may reveal
static interactions but not progression of gene expression
phenomena. The time-series datasets used in this work
come from DREAM4 challenges [28–31] and an Affymetrix
Yeast Genome 2.0 Array downloaded from NCBI’s Gene
ExpressionOmnibus.The array contains 5,744 probe sets and
includes 10,928 Saccharomyces cerevisiae genes with 49 time
points and transcriptional oscillations of about 4 hours.These
oscillations reveal cell redox states, which in turn result from
changes in metabolic fluxes and cell cycle phases [32].

As knowledge in several biological fields leads to an ever-
expanding accumulation in gene expression data, the main
consideration in data processing is that analysis of informa-
tion becomes increasingly time-consuming, thus creating a
demand to speed up the analytical process. In order to obtain
results more expeditiously, we develop information-theoretic
algorithms using MapReduce that run on a distributed,
multinode Apache Hadoop cluster in a cloud environment.
Cloud resources are increasingly more flexible and affordable
compared with local traditional computing resources. Cloud
computing advantages in the field of bioinformatics research
are well known [33–39].

2. Materials and Methods

2.1. Framework. Previous information-theoretic algorithms
for network inference were implemented in the R pro-
gramming language using steady state data [40] and time-
series data [23]. The tool using steady state data is named
ARACNE [40] and the tool using time-series data is named
TimeDelay-ARACNE [23]. ARACNE infers an undirected
network, which basically shows whether two genes are
mutually dependent rather than the regulatory relationship
between the genes. In contrast, TimeDelay-ARACNE infers
a directed network, in which an edge from gene A to gene B
indicates that A regulates the expression of B.

In contrast to the R-based ARACNE and TimeDelay-
ARACNE, our proposed information-theoretic framework
is tailored to the MapReduce programming paradigm. Like
TimeDelay-ARACNE [23], the input of our framework is a
set of time-series gene expression data and the output is an
inferred gene regulatory network. The input dataset contains
𝑚 genes, and each gene has 𝑛 expression values recorded at
n different time points, respectively. Our framework consists
of three steps. Step 1 aims to detect, for each gene 𝑔, the first
time point t (𝑡 > 1) at which a substantial change in the
gene expression of 𝑔 with respect to the gene expression of
𝑔 at time point 1 takes place. This t is referred to as the time
point of Substantial Change of Expression (ScE) of gene 𝑔,
denoted as ScE(𝑔). Step 2 calculates, for two genes 𝑔𝑥 and 𝑔𝑦,
the influence of 𝑔𝑥 on 𝑔𝑦, denoted as influence(𝑔𝑥, 𝑔𝑦), based
on the ScE values of the genes. Step 3 determines the edges
between genes using their influence values. Below we present
details of the proposed framework.

Step 1 (calculation of ScE). Let 𝑔(𝑡) be the expression value
of gene 𝑔 at time point t. We say 𝑔 is activated (or induced)
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at time point t (𝑡 > 1) if 𝑔(𝑡)/𝑔(1) > 𝜏, where 𝜏 > 1 is a
threshold. We say 𝑔 is inhibited (or repressed) at time point t
(𝑡 > 1) if 𝑔(𝑡)/𝑔(1) < 1/𝜏. For each gene 𝑔, we maintain two
sets of time points: 𝑔+(𝑡) and 𝑔−(𝑡); 𝑔+(𝑡) contains all time
points at which𝑔 is induced and𝑔−(𝑡) contains all time points
at which 𝑔 is repressed. Initially, 𝑔+(𝑡) = ⌀ and 𝑔−(𝑡) = ⌀.
The two sets of time points are then updated as follows. For
each time point t (𝑡 > 1),

if
𝑔 (𝑡)
𝑔 (1)
> 𝜏, then 𝑔+ (𝑡) = 𝑔+ (𝑡) ∪ {𝑡} ,

if
𝑔 (𝑡)
𝑔 (1)
< 1
𝜏
, then 𝑔− (𝑡) = 𝑔− (𝑡) ∪ {𝑡} .

(1)

If 1/𝜏 ≤ 𝑔(𝑡)/𝑔(1) ≤ 𝜏, then 𝑔 is neither induced nor
repressed at time point t. In this case, we simply ignore this
time point t without adding t to 𝑔+(𝑡) or 𝑔−(𝑡). The value
of 𝜏 used in this study is set to 1.2. With this threshold
value and datasets used in the study (DREAM4 [28–31]),
there is a significant difference between the mean of the gene
expression values of the time points at which 𝑔 is induced and
the mean of the gene expression values of the time points at
which 𝑔 is repressed according to Student’s 𝑡-test (𝑝 < 0.05).

Let ScE(𝑔) represent the first time point t (𝑡 > 1) at which
𝑔 is either induced or repressed; that is,

ScE (𝑔) = min {𝑔+ (𝑡) ∪ 𝑔− (𝑡)} . (2)

For any two genes 𝑔𝑎 and 𝑔𝑏, there are three cases to be
considered.

Case 1 (ScE(𝑔𝑎) < ScE(𝑔𝑏)). We send the ordered pair (𝑔𝑎,
𝑔𝑏) and the expression values of the two genes to Step 2.

Case 2 (ScE(𝑔𝑏) < ScE(𝑔𝑎)). We send the ordered pair (𝑔𝑏,
𝑔𝑎) and the expression values of the two genes to Step 2.

Case 3 (ScE(𝑔𝑎) = ScE(𝑔𝑏)). We send 𝑔𝑎 and 𝑔𝑏 with a tag
indicating that both of the ordered pairs (𝑔𝑎, 𝑔𝑏) and (𝑔𝑏, 𝑔𝑎)
should be considered, together with their gene expression
values, to Step 2.

Step 2 (calculation of influence values). For each pair of genes
(𝑔𝑥, 𝑔𝑦) received from Step 1, we calculate the time-delayed
mutual information [41] between the genes as follows:

𝐼𝑘 (𝑔𝑥, 𝑔
(𝑘)
𝑦 ) = ∑

1≤𝑖≤𝑛−𝑘

𝑝 (𝑔𝑖𝑥, 𝑔
𝑖+𝑘
𝑦 ) log

𝑝 (𝑔𝑖𝑥, 𝑔
𝑖+𝑘
𝑦 )

𝑝 (𝑔𝑖𝑥) 𝑝 (𝑔𝑖+𝑘𝑦 )
, (3)

where 𝑛 is the total number of time points, 𝑝(𝑔𝑖𝑥) is the
marginal distribution of 𝑔𝑖𝑥, and 𝑝(𝑔𝑖𝑥, 𝑔

𝑖+𝑘
𝑦 ) is the joint

distribution of 𝑔𝑖𝑥 and 𝑔
𝑖+𝑘
𝑦 . (In our implementation, a hash

table is used to calculate the joint distribution to save time
and space.) The parameter 𝑘, 1 ≤ 𝑘 ≤ ℎ, represents the
length of delayed time and ℎ is the maximum length of
delayed time. (In the study presented here, ℎ is set to 3.)
The notation 𝑔𝑖𝑥 denotes the gene expression of 𝑔𝑥 at time

1

2

3

4

18

19

3

4

5

6

20

21

gy

gx

...

...

Figure 1: Illustration of how to calculate time-delayed mutual
information.

point 𝑖 and 𝑔𝑖+𝑘𝑦 is the gene expression of 𝑔𝑦 at time point
𝑖+𝑘. Figure 1 illustrates how to calculate time-delayedmutual
information. There are 21 time points in Figure 1. The length
of delayed time is 2 (i.e., 𝑘 = 2). Each rectangle represents the
gene expression value obtained at some time point. Mutual
information of rectangles with the same color is computed.
Then, the influence of 𝑔𝑥 on 𝑔𝑦 is calculated as follows:

influence (𝑔𝑥, 𝑔𝑦) = max
1≤𝑘≤ℎ
{𝐼𝑘 (𝑔𝑥, 𝑔

(𝑘)
𝑦 )} . (4)

Referring to the three cases in Step 1, for Case 1, we calcu-
late influence(𝑔𝑎, 𝑔𝑏) and send (𝑔𝑎, 𝑔𝑏) and influence(𝑔𝑎, 𝑔𝑏)
to Step 3. For Case 2, we calculate influence(𝑔𝑏, 𝑔𝑎) and
send (𝑔𝑏, 𝑔𝑎) and influence(𝑔𝑏, 𝑔𝑎) to Step 3. For Case 3, if
influence(𝑔𝑎, 𝑔𝑏) ≥ influence(𝑔𝑏, 𝑔𝑎), then we send (𝑔𝑎, 𝑔𝑏)
and influence(𝑔𝑎, 𝑔𝑏) to Step 3; otherwise, we send (𝑔𝑏, 𝑔𝑎)
and influence(𝑔𝑏, 𝑔𝑎) to Step 3.

Step 3 (determination of edges between genes). Let 𝜀 be a
threshold. For each pair (𝑔𝑥, 𝑔𝑦) received from Step 2, if
influence(𝑔𝑥, 𝑔𝑦) > 𝜀, then we create an edge from 𝑔𝑥 to 𝑔𝑦
indicating that 𝑔𝑥 substantially influences 𝑔𝑦 or 𝑔𝑥 regulates
the expression of 𝑔𝑦; that is, there is a predicted present edge
from 𝑔𝑥 to 𝑔𝑦. If influence(𝑔𝑥, 𝑔𝑦) ≤ 𝜀, then we do not create
an edge from 𝑔𝑥 to 𝑔𝑦; that is, there is a predicted absent
edge from 𝑔𝑥 to 𝑔𝑦. With the predicted present and absent
edges, we are able to infer or reconstruct a gene regulatory
network. The value of 𝜀 used in this study is set to 0.96. With
this threshold value and datasets used in the study (DREAM4
[28–31]), there is a significant difference between the mean of
the influence values of the predicted present edges and the
mean of the influence values of the predicted absent edges
according to Student’s 𝑡-test (𝑝 < 0.05).
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Figure 2: Conceptual description of the Hadoop MapReduce
implementation of our proposed algorithms.

2.2. MapReduce Algorithms. Figure 2 presents a high-level
conceptual description of the Hadoop MapReduce imple-
mentation of our proposed framework. The system includes
a driver and one or more mappers and reducers. The driver
takes the input from the user, including the locations of
input and output files, as well as algorithm parameters and
thresholds.Thedriver prepares a jobwith the required config-
uration, sends the job to Hadoop to start it, and calculates the
time that the job takes to be completed.Themappers are user-
defined programs (UDPs), which prepare data and perform
calculations, if needed, and then send the processed data
(key-value pairs) to the reducers.The reducers are also UDPs,
which perform the final processing and write the results into
the output file. Hadoop optimizes the number of mappers for
a job. The user can control the number of reducers needed
for completing the job. The Hadoop distributed file system
(HDFS) is a global repository for storage of the input flat
file (in plain text format) with gene expression data and the
output file with an inferred gene regulatory network.

Each gene has an identifier. (We use 𝑔𝑥 to represent both
a gene and its identifier when the context is clear.) Each line
in the input file contains a pair of genes and their expression
values. Genes are sorted based on their identifiers. Each pair
of genes 𝑔𝑥, 𝑔𝑦 occurs in the input file only once; specifically,
the gene pair in which the identifier of 𝑔𝑥 is less than the
identifier of 𝑔𝑦 occurs in the input file. Suppose there are 𝑚
genes. There are (𝑚 × 𝑚 − 1)/2 lines in the input file.

We develop fourMapReduce algorithms, namedM0, M1,
M2, and M3, respectively. These algorithms differ in which
steps, as described in Section 2.1, are performed by mappers.

AlgorithmM0. In this algorithm,mappers perform zero steps.
Reducers have to do Steps 1, 2, and 3. In the key-value pairs
transmitted between mappers and reducers, the key is a pair
of genes, and the value contains the expression profiles of the
genes.

Algorithm M1. In this algorithm, mappers perform Step 1.
Reducers have to do Steps 2 and 3. In the key-value pairs
transmitted between mappers and reducers, the key is a pair
of genes and the value contains the expression profiles of the
genes. Part of the value is a tag indicating which case in Step 1
applies to the pair of genes.

Algorithm M2. In this algorithm, mappers have to do Steps 1
and 2. Reducers perform Step 3. In the key-value pairs trans-
mitted between mappers and reducers, the key is an ordered
pair of genes (𝑔𝑥, 𝑔𝑦) and the value is influence(𝑔𝑥, 𝑔𝑦).

Algorithm M3. In this algorithm, mappers have to do Steps
1, 2, and 3. Reducers perform zero steps. In the key-value
pairs transmitted between mappers and reducers, the key is
the edge 𝑔𝑥 → 𝑔𝑦 and the value is the influence of 𝑔𝑥 on 𝑔𝑦
that exceeds the threshold 𝜀.

The time needed by mappers is bounded by 𝑂(𝑚2/𝑀)
and the time needed by reducers is bounded by 𝑂(𝑚2/𝑅),
wherem is the number of genes,M is the number ofmappers,
and R is the number of reducers. Thus, the time complexity
of our MapReduce algorithms is 𝑂(𝑚2/𝑀) + 𝑂(𝑚2/𝑅). Note
that this is a very pessimistic upper bound since reducers
often work in parallel with mappers, and hence the actual
time needed by the algorithms is much less. Note also that,
in practice, M > R, and hence the time complexity of our
algorithms is bounded by 𝑂(𝑚2/𝑅).

3. Results and Discussion

3.1. Experimental Results. The four algorithms described in
Section 2.2 were implemented in MapReduce and Java on
a Hadoop infrastructure (cloud), which is a virtual envi-
ronment based on VMware Big Data Extensions (BDE).
The infrastructure hardware cluster associated with BDE is
comprised of two IBM iDataPlex dx360 M4 servers. Each
dx360 M4 server is comprised of two Intel Xeon 2.7GHz E5-
2680 (8-Core) CPUs for a total of 16 cores per server.With the
enabling of hyperthreading, the number of logical processors
is doubled to provide 32 logical processors per server. Each
server has 128GB RAM.

The dataset used in the experiments was GSE30052 [32],
downloaded from the Gene Expression Omnibus (GEO) at
http://www.ncbi.nlm.nih.gov/geo/. This dataset was created
using an Affymetrix Yeast Genome 2.0 Array containing
5,744 probe sets for S. cerevisiae gene expression analysis.The
dataset contains 10,928 genes with 49 time points.The dataset
is split into key-value pairs as described in Section 2.2 and the
input file has (10,928 × 10,927)/2 lines, taking up 26.8GB of
disk space. Hadoop assigns 254 mappers to this dataset. The
default value for the number of reducers is set to 20.

We divided GSE30052 into smaller datasets that were
subsets of GSE30052 with varying numbers of genes. Figure 3
compares the running times of the four MapReduce algo-
rithms described in Section 2.2 for varying dataset sizes. It
can be seen from the figure that all the four algorithms
scale well when the dataset size becomes large (i.e., the
number of genes increases). Algorithm M2 performs the
best. This happens because, with M2, the mappers, working

http://www.ncbi.nlm.nih.gov/geo/
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Figure 3: Performance comparison of the four MapReduce algo-
rithms.

in parallel, share some workload with the reducers, which
perform a relatively smaller amount of computation while
writing results into the output file. It is worth noting that M2
is better than M3, in which the mappers have to do all the
computation. Algorithm M0 performs the worst. With M0,
the reducers have to do all the calculations and become too
busy to quickly complete the job.

We then fixed the algorithm and used M2 in all subse-
quent experiments. Figure 4 shows running times of the M2
algorithm with 1, 20, and 100 reducers, respectively. It can be
seen that the optimal number of reducers is 20. With this
configuration, the reducers work at their maximum limit.
When there are too many (e.g., 100) reducers, the overhead
is too large, and as a consequence the system is slowed down.
On the other hand, when only one reducer is employed, the
reducer is overloaded and the overall performance of the
system degrades.

Finally, we conducted experiments to compare the
MapReduce implementation of the M2 algorithm running
on the Hadoop cluster (denoted MRC), the MapReduce
implementation of the M2 algorithm running on a stan-
dalone single-node server (denoted as MRS), the Java imple-
mentation of the M2 algorithm running on a single-node
server, and the R implementation of the related time-delayed
mutual information algorithm, TimeDelay-ARACNE [23].
In Figure 5, it can be seen that MRC is highly scalable and
that it outperforms the other three programs. Notably, due
to Hadoop’s overhead, MRS is even slower than the Java
program. The R program is not scalable; its running time
dramatically increases as the dataset becomes large.
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Figure 4: Effect of the number of reducers on the performance of
the M2 algorithm.
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Figure 5: Performance comparison of the MapReduce algorithm
(M2) and related programs.

3.2. Discussion. Our information-theoretic algorithms for
inferring gene regulatory networks are implemented in
MapReduce and runon aHadoop cluster. A tool that is closely
related to our work is the TimeDelay-ARACNE program in R
[23], which also infers gene regulatory networks from time-
series gene expression profiles using an information-theoretic
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approach. As shown in Figure 5, the TimeDelay-ARACNE
program in R does not scale well whereas our MapReduce
program is highly scalable when running on the Hadoop
cluster. Furthermore, our MapReduce program differs from
the TimeDelay-ARACNE R program in that our algorithm
is deterministic whereas the R program is implemented
based on a nondeterministic algorithm, specifically Markov
randomfields. For the same dataset and parameter values, the
R program produces different results in different executions.
In contrast, our MapReduce program always produces the
same result, in different executions, for the same dataset.

To evaluate the accuracy of these programs, we adopted
the five time-series gene expression datasets available in the
DREAM4 100-gene in silico network inference challenge
[28–31]. Each dataset contains 10 times series, where each
time series has 21 time points, for 100 genes. Thus, in
each time series, each gene has 21 gene expression values.
Totally, there are 50 time series in the five datasets. Each
time-series dataset is associated with a gold standard file,
where the gold standard represents the ground truth of the
network structure for the time-series data. Each edge in
the gold standard represents a true regulatory relationship
between two genes. Our experimental results showed that
the average accuracy of TimeDelay-ARACNE on the five
datasets is approximately 92.4%.The average accuracy of our
deterministic algorithm (M2) is about 93.1%, which is slightly
better than TimeDelay-ARACNE. It was observed that, in a
dataset, when M2 is better than TimeDelay-ARACNE, it has
a higher accuracy than TimeDelay-ARACNE for every exe-
cution of TimeDelay-ARACNE on the dataset. Furthermore,
our MapReduce program (M2) takes, on average, 20 seconds
to infer a gene regulatory network on a DREAM4 dataset
while the average time used by the TimeDelay-ARACNE R
program is 3,500 seconds.

We also tested different values for the parameters 𝜏, 𝜀,
and the maximum length of delayed time, h, used in the
proposed algorithms. Experimental results showed that the
default values for these parameters (𝜏 = 1.2, 𝜀 = 0.96, and
ℎ = 3) achieve the highest accuracy. When compared with
other parameter values (e.g., the maximum length of delayed
time ℎ = 6, 𝜀 = 0.35, or 𝜏 = 2), the accuracy achieved by
the default parameter values is significantly higher than the
accuracy achieved by the other parameter values according
to Wilcoxon signed rank tests [42] (𝑝 < 0.05).

4. Conclusions

We have presented four MapReduce algorithms for recon-
structing gene regulatory networks from time-seriesmicroar-
ray data using an information-theoretic approach.Our exper-
imental results showed that the algorithm (M2) that uses
mappers to perform a large portion of work and reducers to
perform a relatively small amount of computation achieves
the best performance. This M2 algorithm is faster than
an algorithm in which the mappers have to do all the
computation. Moreover, the M2 algorithm is much faster
than another algorithm in which the reducers have to do all
the computation and become too busy to quickly complete
the job.

When tested onDREAM4 datasets with 100 genes in each
dataset, our MapReduce program (M2) is slightly better than
a closely related R program (TimeDelay-ARACNE [23]) in
terms of accuracy; furthermore, our MapReduce program
is much faster than the existing R program. When tested
on a big dataset (GSE30052 [32]) with 10,928 genes, our
MapReduce programwas found to be highly scalable whereas
the R programwas not (cf. Figure 5). It should be pointed out,
however, that the comparison with the TimeDelay-ARACNE
R program is not completely fair. Our MapReduce program
is based on a parallel algorithm whereas the TimeDelay-
ARACNE R program is based on a sequential algorithm.
Further studywould be needed to investigate parallel versions
of the R program or a new TimeDelay-ARACNE R package
that supports parallelization.

The work presented here shows that distributing highly
parallel tasks in a cloud environment achieves higher perfor-
mance than running the tasks in a standalone or noncloud
environment. In general, cloud computing can provide the
power to integrate the ever-increasing information about the
Three Spaces of gene networks [8] as well as themultipronged
signal transduction pathways traversing these spaces. Com-
prehending systems biology and functional genomics could
eventually contribute to a better grasp of organismal physi-
ology. Thus, the cloud would provide computing power that
is needed as the analysis of multilevel processes becomes
more complicated. Cloud computing will enable genome-
scale network inference as demonstrated in this study.

Epigenetics [43] is an emerging aspect of gene regulation
whose study would require enormous computing capacity.
This type of posttranslational regulation cross talk involves
chemical modifications of DNA and histones in a process
known as chromatin remodeling. The role of genetic and
epigenetic networks in a variety of health conditions is
now coming into view. For example, there are at least 450
different genes associated with intellectual disability and
related cognitive disorders. Some of these genes are involved
in synaptic plasticity and cell signaling whereas others are
epigenetic genes involved in chromatin modifications [44].
Analysis of the interactions across these genes and networks,
as well as finding new mutations, will require the develop-
ment of highly expeditious bioinformatics tools to mine the
anticipated high amounts of data.

Genome-scale metabolic models are becoming essen-
tial in biomedical applications, and researchers are moving
towards building such models [45]. MapReduce algorithms
could become a powerful tool in the analyses of all aspects of
gene networking in the Three Spaces paradigm. In general,
cloud computing could facilitate the handling of the vast
amounts of information (big data) that such analyses require.
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Secondary metabolites are bioactive substances with diverse chemical structures. Depending on the ecological environment within
which they are living, higher plants use different combinations of secondarymetabolites for adaptation (e.g., defense against attacks
by herbivores or pathogenic microbes). This suggests that the similarity in metabolite content is applicable to assess phylogenic
similarity of higher plants. However, such a chemical taxonomic approach has limitations of incomplete metabolomics data. We
propose an approach for successfully classifying 216 plants based on their known incompletemetabolite content. Structurally similar
metabolites have been clustered using the network clustering algorithm DPClus. Plants have been represented as binary vectors,
implying relationswith structurally similarmetabolite groups, and classified usingWard’smethod of hierarchical clustering.Despite
incomplete data, the resulting plant clusters are consistent with the known evolutional relations of plants. This finding reveals the
significance of metabolite content as a taxonomic marker. We also discuss the predictive power of metabolite content in exploring
nutritional and medicinal properties in plants. As a byproduct of our analysis, we could predict some currently unknown species-
metabolite relations.

1. Introduction

Plant taxonomy is the science that explores, describes, names,
and classifies plants.The systematic and phylogenetic analysis
of plants is traditionally based on macroscopic and micro-
scopic morphological characteristics and is known to be
turbulent [1]. The study of DNA and to a certain extent
m-RNA and proteins has led to the immense subject of
molecular biology, which has been increasingly applied to
reconstruct the phylogeny of higher and lower plants [2].
The use of molecular data in plant taxonomy has been
highly successful in many instances but has the following
two limitations. First, current technologies that use genomic
compartments instead of the entire genome data usually only
partially reveal the evolutional relations among plants. The
number of organisms with completely known genomes in
Kyoto Encyclopedia of Genes andGenomes (KEGG) has now
reached 4505 but includes only 65 plants (November 2016).
This indicates that it is still impractical to reconstruct plant
taxonomy using the entire genome information. Second,

recent research has indicated that horizontal gene transfer
occurs in multicellular eukaryotes, especially in plants, and
has an important role in their eukaryotic evolution. This
suggests that phylogenetic reconstruction cannot be deter-
mined conclusively from sequence data [3, 4]. Paralleled
with molecular biology, exploration of the phylogenetic
distance between species based on metabolites, either alone
or in combination with sequence features, has also begun.
Clemente et al. (2007) presented a method for assessing
the structural similarity of metabolic pathways for several
organisms and reconstructed phylogenies that were very
similar to theNational Center for Biotechnology Information
(NCBI) taxonomy [5]. Borenstein et al. (2008) predicted the
phylogenetic tree by comparing seed metabolite compound
content [6]. Mano et al. (2010) considered the topology of
pathways as chains and used a pathway-alignment method to
classify species [7]. Chang et al. (2011) proposed an approach
from the perspective of enzyme substrates and corresponding
products in which each organism is represented as a vector of
substrate-product pairs. The vectors were then compared to
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reconstruct a phylogenetic tree [8]. Ma et al. (2013) demon-
strated the usefulness of the global alignment of multiple
metabolic networks to infer the phylogenetic relationships
between species [9]. However, most of these studies have
focused on microorganisms, such as archaea, rather than
multicellular eukaryotes.

Plants are the major contributors of natural products
and are usually rich in nutritional or medicinal properties.
Many natural products are biologically active and have
been used for thousands of years as traditional medicines.
Classifying plants on the basis of their chemical constituents,
which is also known as plant chemosystematics, could be
helpful in discovering new edible and medicinal plants and
solving selected taxonomical problems [2, 10, 11]. Traditional
chemosystematics of plants is based on the presence or
absence of selected secondary metabolites, which is far from
the holistic approach involving metabolite content [10, 11].
The incomplete data of metabolite constituents of plants
limits the ability to solve taxonomical problems and discovery
of new natural products or medicinal properties of plants.

With the rapid development of metabolomics, metabo-
lite-related databases (DBs) have been created, including
KNApSAcK, which contains accumulated information about
species-metabolite relations including information about
many secondary metabolites of plants [12]. Such infor-
mation can be used in the systems-biological studies on
the interactions between plants, including the activities of
medicinal plants as well as interactions between plants and
their environments [13]. Metabolite content refers to all
small molecules that are the products or intermediates of
metabolism (metabolites) that are present within a biological
organism. The metabolite content of plants is dominated
by secondary metabolites [14], which are usually of high
structural diversity [15]. As a rule, secondary metabolites
are often similar within members of a clade, and plants
within a taxon often represent similar metabolite content
and bioactive properties. Therefore, the metabolite content
of plants can be used as a taxonomy marker to distinguish
plants and other organisms [11]. However, the expression
of secondary metabolites of a given structural type has
frequently arisen on a number of occasions in different parts
of the plant kingdom. This discrepancy could be due either
to convergent evolution or to differential gene expression
[11]. This suggests that the metabolite content of plants may
reveal more information of the interaction and bioactive
pattern of plants rather than morphology characteristics.
Suchmetabolite-content-based classification not only reveals
the phylogenetic relationship of plants but also can be used for
studying the relationship of plants in terms of their bioactive
properties, guiding prediction of medicinal properties in
bioprospecting, exploring new nutritional or economic uses
of plants, and solving taxonomical problems. Previously,
microorganism species have been classified based on the
volatile metabolites emitted by them, and the results have
been well explained in terms of their pathogenicity [16]. This
finding indicates that it is possible to classify other species,
such as plants, based on metabolite-content similarity. With
the development of plantsmetabolomics and big data biology,

it is now possible to investigate the metabolite content of
plants on a cross-class level [17, 18].

TheKNApSAcKCoreDB is an extensive plant-metabolite
relation DB that can be applied in multifaceted plant
research, such as identification of metabolites, construction
of integrated DBs, and bioinformatics and systems biology
[19, 20] and can be considered an advanced source of
metabolite content of plants. The KNApSAcK Core DB con-
tains 109,976 species-metabolite relationships that encompass
22,399 species and 50,897 metabolites, and these numbers
are still growing [13]. In this paper, we propose an approach
to classify plants based on metabolite-content similarity.
The metabolite-content data of plants and structure data of
compounds are mainly obtained from the KNApSAcK Core
DB and partially from PubChem DB [21, 22]. We measure
the structural similarity between two metabolites by using
the concept of the Tanimoto coefficient [23, 24], construct
a network by selecting highly structurally similar metabolite
pairs, and determine structurally similar groups of metabo-
lites by using the DPClus algorithm [25]. We then link plants
to such metabolite groups instead of individual metabolites
to represent the plants as binary vectors. Several structurally
similar metabolites are generally involved in a metabolic
pathway. Thus, the use of structurally similar metabolite
groups in this study can help to reduce the effect of missing
data. Next, the metabolite-content similarity between plants
is calculated based on binary similarity coefficients which
then transformed into metabolite-content distances. Plants
are finally classified using the hierarchical clustering method,
and the resulting classification is evaluated by comparing
it with the NCBI taxonomy [26]. Our classification results
reveal both the phylogeny- and bioactivity-based relations
among plants. We also use a support vector machine (SVM)
algorithm to classify the plants by their economic uses [27,
28]. The classification performance reveals the predictive
power of metabolite content in exploring nutritional and
medicinal properties of plants. As a byproduct of our analysis,
we can predict some currently unknown species-metabolite
relations. To the best of our knowledge, we are the first to
classify plants based on metabolite content.

2. Materials and Methods

2.1. Dataset and Preliminaries. The major input data are
species-metabolite relationships obtained from the KNAp-
SAcK Core DB, which is a part of the KNApSAcK Family DB
[13].TheKNApSAcKCoreDB containsmost of the published
information about species-metabolite relations, but this is
obviously far from complete regarding plants and other living
organisms. In the preprocessing step, we removed the plants
with inadequate plant-metabolite relations to guarantee that
the amount of metabolite content of selected plants is suffi-
cient enough to reveal their interrelations.

We collected the molecular structure description files for
the metabolites in our dataset as additional input data. The
KNApSAcKCoreDB providesMOLmolecular structure files
for most of the metabolites. For metabolite compounds with
structure files that cannot be obtained from the KNApSAcK
Core DB, we downloaded the SDF files directly from the
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Figure 1: (a) Bipartite graph of plant-metabolite relations.Molecular structures of metabolites are described by 166-bit atom pair fingerprints,
which are used to calculate Tanimoto structure similarity score for each metabolite pair. (b) Bipartite graph of plant versus metabolite-group
relations. Each plant has been associated with metabolite groups instead of single metabolites to reduce effect of incomplete data.

PubChem DB [21, 22]. We used R package ChemmineR
(v2.26.0) to generate atom pair fingerprints from molecular
structure description files for all the metabolite compounds
[29]. These molecular fingerprints were used to measure the
structural similarity for all the metabolite pairs. Figure 1(a)
illustrates the binary plant-metabolite relations and corre-
sponding molecular fingerprints.

2.2. Network Construction of Metabolites Based on Chemical
Structure Similarity. Very little is known of the complete
set of metabolite content of plants. Therefore, for classifying
plants based on currently available metabolite-content data,
an approach that can compensate for the limitations of miss-
ing data is needed. Adjacent metabolites along a metabolic
pathway are often related to similar substructures; therefore,
it can be assumed that structurally similar metabolites are
involved in the sameor similar pathway.Therefore, plants that
share highly structurally similar metabolites are likely to have
common pathways; thus, they are likely to be within the same
category and represent similar bioactivity. To compensate
for the gap in missing data, we primarily linked plants to
structurally similar metabolite groups instead of individual
metabolites for this study.

For the purpose of determining structurally similar
metabolite groups, we initially constructed a network of
metabolites based on chemical structure similarity. We used
the Tanimoto coefficient to measure the structural similarity
between two metabolites [23]. Willett (2014) investigated
different structural similarity measures and concluded that
chemoinformatics research on structural similarity would
continue to be largely based on the use of 2D fingerprints,
and the Tanimoto coefficient has been established as the stan-
dard for similarity searching [30]. The Tanimoto coefficient

between twometabolites𝐴 and 𝐵 is defined as follows, which
is the proportion of the features shared by two compounds
divided by their union:

Tanimoto (𝐴, 𝐵) = 𝐴𝐵

𝐴 + 𝐵 − 𝐴𝐵
. (1)

The variable 𝐴𝐵 is the number of features common in
both compounds, while 𝐴 and 𝐵 are the number of features
that are related to the respective individual compounds. The
Tanimoto coefficient has a range from 0 to 1 with higher
values indicating greater similarity than lower ones. The
Tanimoto coefficient can be calculated from molecular fin-
gerprints using the R package ChemmineR [29]. Empirically,
a Tanimoto coefficient value larger than 0.85 indicates that
the compared compounds represent highly similar bioactive
features [31]. We used 0.85 as the threshold to insert an
edge between two metabolites and constructed a network of
metabolites.

2.3. Clustering of Metabolites Based on DPClus. The DPClus
algorithm is a graph-clustering algorithm that can be used
to extract densely connected nodes as a cluster [25, 32]. This
algorithm can be applied to an undirected simple graph 𝐺 =
(𝑁, 𝐸) that consists of a finite set of nodes𝑁 and a finite set of
edges𝐸. Two important parameters are used in this algorithm
(i.e., density 𝑑 and cluster property cp). Density 𝑑𝑘 of any
cluster 𝑘 is the ratio of the number of edges present in the
cluster (|𝐸|) to the maximum possible number of edges in the
cluster (|𝐸|max). The cluster property of a node 𝑛 with respect
to cluster 𝑘 is represented as

cp𝑛𝑘 =
𝐸𝑛𝑘
𝑑𝑘 × 𝑁𝑘

, (2)
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where 𝑁𝑘 is the number of nodes in 𝑘 and 𝐸𝑛𝑘 is the total
number of edges between 𝑛 and each node of 𝑘.

In this study, we applied the DPClus algorithm to the
structural similarity network of metabolites. The metabolites
were divided intomany groups such that each group contains
structurally similar compounds and can be treated as a dis-
tinctive pattern of structure. Each metabolite group might be
related to a certain pathway, which is related to the phylogeny
and ecology of plants. A plant is related to a metabolite group
if it is related to anymetabolite in the group.Thus, the original
plant-metabolite relations are transformed into plant versus
metabolite-group relations, as shown in Figure 1(b). We used
such groups to measure the similarity between plants, thus
reducing the effects of incomplete metabolite-content data.

2.4. Clustering of Plants Based on Metabolite Groups. The
relations between plants and structurally similar metabolite
groups can be expressed with a sparse binarymatrix, which is
defined as𝑀. Element𝑀𝑖𝑗 = 1means that plant 𝑖 contains at
least one metabolite of group 𝑗, and𝑀𝑖𝑗 = 0means that plant
𝑖 contains no metabolite of group 𝑗. Therefore, for each plant,
we obtain a binary vector such that each bit corresponds to
the presence or absence of a metabolite group.

Let two plants be described by the binary vectors x and
y, each comprised of 𝑝 variables with values either 1 or 0 (“1”
indicates presence while “0” indicates absence), and 𝑝 is the
total number of metabolite groups. The Simpson similarity
coefficient between plants can be calculated as

𝑆𝑠 =
𝑎

min {(𝑎 + 𝑏) , (𝑎 + 𝑐)}
. (3)

Here, 𝑎, 𝑏, and 𝑐 are the frequencies of the events 𝑥&𝑦,
𝑥&𝑦, and 𝑥&𝑦, respectively [33–35].

To strengthen our finding with more support, we also
used the Jaccard coefficient, which was previously considered
as a similarity measure between different organisms in
different contexts [33, 36]. The Jaccard similarity coefficient
can be calculated as

𝑆𝑗 =
𝑎

𝑎 + 𝑏 + 𝑐
. (4)

We transformed a similarity coefficient, 𝑠, to a distance
coefficient,𝑑, by the transformation𝑑 = 1−𝑠 and classified the
plants by using Ward’s hierarchical clustering method using
R.

2.5. Classification of Plants by SVMs. Support vectormachines
are supervised machine learning models for classification
and regression analysis [27, 28]. An SVM training algorithm
builds amodel by constructing decision boundaries in feature
space. Examples are predicted to belong to a category based
on the boundaries.

To study the relationship between metabolite groups and
economic uses of plants and evaluate the predictive power
of metabolite content in guiding the discovery of natural
products or medicinal properties in plants, we used an SVM
algorithm, which was implemented by the function svm in
R package e1071 v1.6-7, to classify plants by using default

parameters [37–39]. We used economic uses as labels and
corresponding metabolite groups as features. The classifica-
tion performance is evaluated by using a confusion matrix.
In a confusion matrix, the sum of a column represents
the instances in a predicted class, while the sum of a row
represents the instances in an actual class. All programs in
this research were run in R v3.3.1.

3. Results and Discussion

3.1. Data Preprocessing. The KNApSAcK Core DB con-
tains a total of 111199 species-metabolite binary relations
that encompass 25658 species and 50899 metabolites. This
DB was developed by collecting information on numerous
metabolites of various organisms from published literature
and several DBs, including PubChem [21, 22]. The species-
metabolite relations in the KNApSAcK Core DB can be
represented as a bipartite graph, as shown in Figure 1(a).
The degree distribution of species in a species-metabolite
bipartite graph follows a power law trend (see Supplementary
Figure 1 of the Supplementary Material available online on
https://doi.org/10.1155/2017/5296729) [40]. The metabolite-
content data of plants in the KNApSAcK Core DB is
unbalanced, i.e., many plants are associated with only a
few metabolites and a few plants are associated with many
metabolites, while other plants are in a between situation.
One of the reasons behind this is that different plants have
metabolic pathways of varying complexity. Medicinal plants
usually contain more metabolites compared to edible plants
because the former have gone through less artificial selections
and preserved more secondary metabolites during evolution.
Another reason is that the metabolomics of some important
plants have been studied more systematically. The recorded
metabolite content of such plants is more comprehensive
compared to wild plants. Therefore, in our current research,
we selected 216 plants from a total of 25658 plants in the
KNApSAcK Core DB, such that each of the 216 plants is
reported to be associated with no less than 30 metabolites,
with 135 being the maximum number and 31 being the
minimum.There are a total of 6522 metabolites related to the
216 plants in our input dataset.

3.2. Plant Representation Based on Metabolite-Content Simi-
larity. We dealt with 6522 metabolites involving 216 plants.
We determined the Tanimoto coefficients between all pos-
sible metabolite pairs (21264981 pairs). We selected 54528
metabolite pairs with Tanimoto values greater than 0.85,
which are 0.25% of all the metabolite pairs. On average, each
metabolite is related to about eight different metabolites. We
connected all the selected metabolite pairs and constructed a
network ofmetabolites, as shown in Figure 2(a).This network
involves 5085 metabolites and the other 1437 metabolites are
not included in the network; that is, each of these metabolites
is not structurally similar to any other metabolites. The
5085 metabolites included in the network are divided into
669 connected components. The degree distribution of the
network also follows a power law trend (Figure 2(b)) [40].

To compensate for the gap in incomplete data regard-
ing species-metabolite relations, we associated plants with

https://doi.org/10.1155/2017/5296729


BioMed Research International 5

(a)

1 2 5 2010 50 100 200 500

1

5
10

50
100

500
1000

(Degree)

N
um

be
r o

f n
od

es

R = −0.83

(b)

Figure 2: (a) Structural-similarity-based network of metabolites (plotted using network analysis tool Cytoscape v3.3.0). This network is
composed of many isolated components, and each component contains different number of nodes. (b) Degree distribution of the network in
log scale.

structurally similar metabolite groups instead of individual
metabolites. To achieve this, we applied theDPClus algorithm
to the network of metabolites we developed, as discussed
in the previous section. We did DPClus clustering with the
following settings: cluster property cp was set to 0.5, density
value 𝑑 was set to 0.9, minimum cluster size was set to 2, and
we used the overlapping mode.

The DPClus algorithm generated 1150 clusters (i.e.,
metabolite groups, involving 4700 metabolites). The largest
group contained 174 metabolites, and there were 510 metabo-
lite groups containing only 2 metabolites. Figure 3 shows the
frequency ofmetabolite groupswith respect to size (the count
of metabolites) in both normal scale and log-log scale (inset),
and this distribution also follows a power law trend [40].

A total of 1822 metabolites not included in any cluster are
considered as groups consisting of a single metabolite.

All clusters, large or small, contained structurally similar
metabolites. Large clusters might be related to different
metabolic pathways, but small clusters are likely related to
specific metabolic pathways. A plant is related to ametabolite
group if it is reported to contain any metabolite in the group.
A plant can be represented as a binary vector such that each
bit of the vector corresponds to the presence or absence of a
metabolite group.

3.3. Clustering of Plants Based on Metabolite-Content Sim-
ilarity. We calculated the plant-plant similarity by using
two commonly used binary similarity coefficients Simpson
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Figure 3: Frequency ofmetabolite groupswith respect to group size.
x-axes represent number of metabolites belonging to onemetabolite
group, and y-axes represent frequency of such metabolite groups.
Frequency of metabolite groups in log scale is shown in inset figure.

and Jaccard [33]. The Jaccard coefficient has been used as
a similarity measure to compare the enzyme content of
metabolic networks in each pair of organisms [36]. The
Simpson coefficient was devised to minimize the effect of the
unequal size of two faunas being compared and having in the
denominator only the number of taxa in a sample having the
smaller number [34, 35].

We transformed a similarity score into a distance score
𝑑 using 𝑑 = 1 − 𝑠 and then conducted Ward’s hierarchical
clustering analysis. Thus, we determined two dendrograms
corresponding to two types of coefficients with our approach.

We used the NCBI taxonomy of the 216 plants gen-
erated using a web-based tool from the NCBI homepage
(http://www.ncbi.nlm.nih.gov/taxonomy) as the reference
classification [26]. The NCBI classification reflects the phy-
logenetic patterns within a plant group primarily based on
morphology. According to theNCBI taxonomy, the 216 plants
spread over 52 families with the largest family Fabaceae
containing 42 plants.

We compared the dendrogram trees generated with our
approach with the NCBI taxonomy based on a similarity
score called Baker’s Gamma correlation coefficient using R
package dendextend v1.3.0 [41, 42]. Baker’s Gamma correla-
tion coefficient ranges from −1 to +1, with positive values,
meaning that the two trees are statistically similar. The
results show that both Simpson- and Jaccard-coefficient-
based trees produced similar scores (i.e., 0.062 and 0.059,
resp.), indicating that both trees are statistically similar with
the NCBI taxonomy. We can also extract phylogeny relations
from the trees by referring to the NCBI taxonomy.

Overall, we found that the Simpson coefficient performed
better than the Jaccard coefficient. In the Simpson coefficient
tree, more plants from the same genus or family appeared
nearer to each other compared to the Jaccard coefficient
tree. We illustrate this fact by pointing out some examples
in Supplementary Figure 2. The better performance of the
Simpson coefficient is also reflected with the Baker’s Gamma
correlation coefficient. Therefore, for further explanation,
we selected the Simpson coefficient tree and classified the

plants into 48 groups by cutting the dendrogram at variable
threshold heights empirically chosen to enrich the clusters
with plants of the same genus or family. Supplementary
Figure 3 shows the dendrogram together with group IDs
produced by our classification method.

Themain defined ranks in theNCBI taxonomic hierarchy
are as follows: superkingdom, kingdom, phylum, subclass,
order, family, subfamily, tribe, genus, and species (from high
to low). We collected the taxonomy information of 216 plants
that we considered in this study and annotated each plant
with ranks of family and genus (we used the scientific names
of plants where the first word of a plant name represents
the genus to which the plant belongs). Table 1 lists the 48
groups of plants based on our clustering result with their
taxonomic and usage information. The plants are arranged
by different groups, and for each group plants within the same
family or genus are arranged together to highlight the internal
phylogeny relations. In the dendrogram of Supplementary
Figure 3, neighboring plants belonging to the same genus or
family are indicated by horizontal bold colored lines. Each
genus or family is indicated by a specific color. It is evident
that many clusters are rich with plants from the same genus
or family. Thus, our results imply that plants in the same
taxon correspond to similar metabolite content. Taking into
account the inadequate amount of metabolite data and lim-
ited number of plants we considered for certain families, the
results from our approach are very promising.These indicate
that the proposed approach was designed to compensate for
the shortcomings of limited data. Some deviations in our clas-
sification from theNCBI taxonomy can be explained in terms
of ecological relationships or bioactive similarity.This implies
that, compared to morphology-based taxonomy, metabolite-
content-based classification reveals more information about
the bioactive similarity among plants, which is related to
the nutritional and medicinal properties of plants. Therefore,
metabolite-content-based classification can be used as a time-
efficient predictive tool for guiding discovery of edible and
medicinal properties in wild plants.

3.4. PredictingCurrentlyUnknownPlant-Metabolite Relations.
The species-metabolite relation data in the KNApSAcK Core
DB were collected from previously published papers. Many
more plant-metabolite relations will inevitably be discovered
in the future. However, based on our study, we can predict
some not yet known plant-metabolite relations.When several
plants are included in the same cluster with our approach,
it implies that those plants contain many metabolites that
are either the same or different but structurally very similar.
When several plants contain a different subset of a group
of structurally similar metabolites and they are very close
according to morphological taxonomy, we can assume that
all those plants contain the union of themetabolites currently
detected in them. The basis of this assumption is that similar
metabolic pathways are expected to be active in plants within
a given taxon group.

In our experiments, we found structurally similar
metabolite groups of different sizes, large and small. However,
the metabolites belonging to a smaller group are likely to be
closely related along a certain metabolic pathway. Therefore,

http://www.ncbi.nlm.nih.gov/taxonomy
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Table 1: Taxonomic and use information of 216 plants. Group
ID, plant names, taxonomic ranks (family), and economic uses are
mentioned in consecutive columns. Economic uses of plants are rep-
resented as the following abbreviations: E (edible), M (medicinal), L
(landscaping,), T (timber), P (poisonous), andW (wild plant). Some
plants are both edible and medicinal and are annotated as E/M.

Group Plant Family Use

1

Citrus limon Rutaceae E
Citrus aurantifolia Rutaceae E/M
Citrus paradisi Rutaceae E
Citrus sinensis Rutaceae E
Citrus reticulata Rutaceae E
Citrus aurantium Rutaceae E

2
Houttuynia cordata Saururaceae E/M
Houttuynia emeiensis Saururaceae W

Rhodiola rosea Crassulaceae M

3

Artemisia annua Asteraceae M
Artemisia capillaris Asteraceae M

Rhaponticum
carthamoides Asteraceae W

Solanum lycopersicum Solanaceae E

4

Anthemis aciphylla Asteraceae W
Artemisia annua L. Asteraceae M
Centaurea sessilis Asteraceae W

Valeriana officinalis Caprifoliaceae M
Persicaria minus Polygonaceae M
Mentha arvensis Lamiaceae M
Peucedanum
paniculatum Apiaceae W

5

Zingiber officinale Zingiberaceae E/M
Alpinia galanga Zingiberaceae E/M

Rosmarinus officinalis Lamiaceae M
Cistus albidus Cistaceae W
Pinus halepensis Pinaceae L

6

Myrtus communis Myrtaceae M
Leptospermum
scoparium Myrtaceae M

Santolina corsica Asteraceae W

7

Curcuma amada Zingiberaceae E/M
Curcuma aeruginosa Zingiberaceae W

Cistus creticus Cistaceae W
Melaleuca leucadendra Myrtaceae M

Piper arboreum Piperaceae W
Piper fimbriulatum Piperaceae W

Cedrus libani Pinaceae L
Cyperus rotundus Cyperaceae M

8

Pseudotsuga menziesii Pinaceae T
Pinus sylvestris Pinaceae T
Picea abies Pinaceae T

Citrus unshiu Rutaceae E

9
Prunus persica Rosaceae E
Prunus avium Rosaceae E
Prunus cerasus Rosaceae E

10
Pisum sativum Fabaceae E

Lathyrus odoratus Fabaceae L
Allium cepa Amaryllidaceae E

11
Linum usitatissimum Linaceae T

Vicia faba Fabaceae E
Carthamus tinctorius Asteraceae M

Table 1: Continued.
Group Plant Family Use

12
Phaseolus lunatus Fabaceae E
Phaseolus vulgaris Fabaceae E
Phaseolus coccineus Fabaceae E

13
Triticum aestivum Poaceae E

Zea mays Poaceae E
Spinacia oleracea Amaranthaceae E

14
Raphanus sativus Brassicaceae E
Brassica napus Brassicaceae P
Malus domestica Rosaceae E

15

Hordeum vulgare Poaceae E
Oryza sativa Poaceae E

Cucumis sativus Cucurbitaceae E
Glycine max Fabaceae E

Helianthus annuus Asteraceae E

16

Eriobotrya japonica Rosaceae E
Cassia fistula Fabaceae M

Aesculus hippocastanum Hippocastanaceae P
Camellia sinensis Theaceae E

Rheum sp. Polygonaceae W

17

Robinia pseudoacacia Fabaceae L
Colophospermum

mopane Fabaceae T

Acacia mearnsii Fabaceae W

18

Sinocrassula indica Crassulaceae M
Sedum sarmentosum Crassulaceae M
Rhodiola sachalinensis Crassulaceae M
Phyllanthus emblica Phyllanthaceae E/M
Psidium guajava Myrtaceae E

Phellodendron amurense Rutaceae M
Epimedium sagittatum Berberidaceae M

19
Solanum lycopersicum Solanaceae E
Solanum tuberosum Solanaceae E
Nicotiana tabacum Solanaceae M

20

Capsicum annuum Solanaceae E
Petunia x hybrida Solanaceae L
Daucus carota Apiaceae W

Asclepias curassavica Apocynaceae L
Humulus lupulus Cannabaceae M
Cyperus rotundus Cyperaceae M

21

Glycyrrhiza uralensis Fabaceae M
Glycyrrhiza aspera Fabaceae W
Glycyrrhiza glabra Fabaceae E/M
Glycyrrhiza inflata Fabaceae M

22

Lupinus luteus Fabaceae W
Lupinus albus Fabaceae E
Derris scandens Fabaceae W

Erythrina variegata Fabaceae L
Erythrina senegalensis Fabaceae M

23

Euchresta japonica Fabaceae W
Euchresta formosana Fabaceae W
Sophora flavescens Fabaceae M
Maackia amurensis Fabaceae L
Sophora secundiflora Fabaceae W

Daphniphyllum oldhamii Daphniphyllaceae M

24

Medicago sativa Fabaceae E
Clitoria ternatea Fabaceae E
Trifolium pratense Fabaceae M
Sophora japonica Fabaceae T

Lespedeza homoloba Fabaceae W
Melilotus messanensis Fabaceae W
Glycyrrhiza pallidiflora Fabaceae W
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Table 1: Continued.
Group Plant Family Use

Dalbergia odorifera Fabaceae T

25

Corydalis claviculata Papaveraceae W
Papaver somniferum Papaveraceae M
Corydalis solida Papaveraceae W

Cocculus laurifolius Menispermaceae W
Stephania cepharantha Menispermaceae W
Stephania cepharantha Menispermaceae W
Cocculus pendulus Menispermaceae W
Annona cherimola Annonaceae E
Xylopia parviflora Annonaceae W

26

Brassica oleracea Brassicaceae E
Brassica rapa Brassicaceae E

Armoracia lapathifolia Brassicaceae E
Hesperis matronalis Brassicaceae L

27

Alstonia macrophylla Apocynaceae T
Alstonia angustifolia Apocynaceae M

Alstonia angustifolia var.
latifolia Apocynaceae M

28

Millettia pinnata Fabaceae L
Millettia pinnata Fabaceae L
Neorautanenia
amboensis Fabaceae W

Tephrosia purpurea Fabaceae P
Amorpha fruticosa Fabaceae L
Piscidia erythrina Fabaceae T

29 Gymnadenia conopsea Orchidaceae M
Bletilla striata Orchidaceae M

30

Taiwania
cryptomerioides Cupressaceae T

Chamaecyparis
formosensis Cupressaceae T

Cryptomeria japonica Cupressaceae T

31

Gutierrezia microcephala Asteraceae P
Saussurea lappa Asteraceae M
Artemisia spp. Asteraceae W
Citrus spp. Rutaceae E

Citrus sudachi Rutaceae M
Murraya paniculata Rutaceae M
Cannabis sativa Cannabaceae M
Iris domestica Iridaceae M

32

Tabernaemontana
coffeoides Apocynaceae W

Kopsia dasyrachis Apocynaceae W
Catharanthus roseus Apocynaceae M
Rauvolfia vomitoria Apocynaceae W

33

Nardostachys chinensis Caprifoliaceae W
Acritopappus confertus Asteraceae W

Isodon xerophilus Lamiaceae W
Cynanchum

sublanceolatum Apocynaceae W

Caesalpinia crista Fabaceae T
Murraya euchrestifolia Rutaceae W
Curcuma zedoaria Zingiberaceae E

34 Garcinia mangostana Clusiaceae E/M
Garcinia dulcis Clusiaceae W

35

Atalantia buxifolia Rutaceae W
Ruta graveolens Rutaceae E/M

Clausena excavata Rutaceae W
Angelica furcijuga Apiaceae E/M

36 Andrographis paniculata Acanthaceae M
Scutellaria baicalensis Lamiaceae M

Table 1: Continued.

Group Plant Family Use

37
Zanthoxylum simulans Rutaceae M

Zanthoxylum
integrifolium Rutaceae W

38
Magnolia denudata Magnoliaceae M
Magnolia officinalis Magnoliaceae M
Aeschynanthus
bracteatus Gesneriaceae W

39
Broussonetia papyrifera Moraceae E

Morus alba Moraceae E/M
Artocarpus communis Moraceae E

40 Sinapis alba Brassicaceae E
Vachellia rigidula Fabaceae E

41
Lycium chinense Solanaceae M

Mandragora autumnalis Solanaceae M
Angelica sinensis Apiaceae M

42
Cullen corylifolium Fabaceae M

Calophyllum inophyllum Calophyllaceae T
Juniperus phoenicea Cupressaceae W

43

Taxus cuspidata Taxaceae P
Taxus brevifolia Taxaceae M
Taxus baccata Taxaceae M

Taxus wallichiana Taxaceae M
Taxus chinensis Taxaceae M
Taxus mairei Taxaceae M

Taxus yunnanensis Taxaceae M

44

Panax notoginseng Araliaceae M
Panax ginseng Araliaceae M

Panax pseudoginseng
var. notoginseng Araliaceae M

Panax ginseng C.A.
Meyer Araliaceae M

Bupleurum
rotundifolium Apiaceae M

Beta vulgaris Amaranthaceae E
Bellis perennis Asteraceae E/M

45

Xylocarpus granatum Meliaceae W
Spiraea formosana Rosaceae W
Hibiscus taiwanensis Malvaceae W
Begonia nantoensis Begoniaceae W

Alpinia blepharocalyx Zingiberaceae W
Taraxacum formosanum Asteraceae W

46 Aristolochia elegans Aristolochiaceae L
Aristolochia heterophylla Aristolochiaceae M

47

Artabotrys uncinatus Annonaceae W
Annona purpurea Annonaceae E
Rubia yunnanensis Rubiaceae M
Withania somnifera Solanaceae M

48

Salvia officinalis Lamiaceae E/M
Orthosiphon stamineus Lamiaceae W

Plantago major Plantaginaceae M
Rehmannia glutinosa Rehmanniaceae M

Olea europaea Oleaceae E/M
Lonicera japonica Caprifoliaceae M
Eleutherococcus

senticosus Araliaceae M

Diospyros kaki Ebenaceae E
Punica granatum Lythraceae E
Curcuma domestica Zingiberaceae E/M



BioMed Research International 9

Table 2: Reported plant-metabolite relations of 6 plants of genus Citrus with a given metabolite group (including 2 metabolites: Limonene
and Cyclohexane). 1/0 indicates presence/absence of a metabolite in a plant.

Citrus limon Citrus aurantifolia Citrus paradisi Citrus sinensis Citrus reticulata Citrus aurantium
Limonene 1 1 1 1 1 1
Cyclohexane 0 1 1 1 1 0

Table 3: Predicted unrecorded metabolites for 6 Citrus plants, encompassing 38 plant-metabolite relations.

Species Predicted unrecorded metabolites

Citrus limon Gibberellin A4; methyl salicylate; cyclohexane; o-isopropenyl toluene; jasmonic acid; 10-apoviolaxanthal;
alpha-trans-bergamotene

Citrus aurantifolia Methyl salicylate; citral; benzeneacetaldehyde; o-isopropenyl toluene; methyl epijasmonate; salvigenin
Citrus paradisi Rhoifolin; isopropanol; methyl salicylate; citral; benzeneacetaldehyde; o-isopropenyl toluene

Citrus sinensis Isoscutellarein 7,8-dimethyl ether; isoscutellarein 7,8,4-trimethyl ether; o-isopropenyl toluene; methyl epijasmonate;
salvigenin; gibberellin A53; violaxanthin

Citrus reticulata Gibberellin A81; gibberellin A9; isopropanol; citral; 6-demethoxytangeritin; tetramethylscutellarein
Citrus aurantium Apigenin 7-rutinoside; methyl salicylate; salvigenin; cyclohexane; benzeneacetaldehyde; o-isopropenyl toluene

for predicting currently unknown plant-metabolite relations,
we focused on only smaller metabolite groups and empiri-
cally considered the metabolite groups of size no more than
eight.

In summary, we follow the following steps to improve
prediction accuracy.

Step 1. We select a group of plants that are in the same cluster
according to our approach and at the same time belong to the
same genus or family. Let us call such a group 𝑆.

Step 2. We determine the set (𝐾) of structurally similar
metabolite groups of size no more than eight such that each
metabolite group is associated with at least two plants in 𝑆.

Step 3. All the metabolites of a metabolite group in 𝐾 are
assigned to the plants in S which are associated with the
group. This process is repeated for each group in 𝐾.

Based on known information, however, we exclude some
metabolites that are mainly structure isomers from this pre-
diction process because some isomers are usually produced
by different pathways [43, 44]. We discuss this method with
an example as follows.

Predicting Metabolites for Citrus Plants. Six Citrus plants (Cit-
rus limon, Citrus aurantifolia, Citrus paradisi, Citrus sinensis,
Citrus reticulata, and Citrus aurantium) are considered an
excellent group in our classification (Group 1 in Table 1, we
call it group 𝑆) and belong to the same genus (Citrus). We
extract the set𝐾 ofmetabolite groups (with size nomore than
eight) in which each metabolite group is associated with at
least two plants in 𝑆. There is a total of 58 such metabolite
groups in𝐾. For each metabolite group in𝐾 which is related
to multiple plants, we can construct a plant-metabolite table.
Table 2 is a plant-metabolite table for a givenmetabolite group
that contains two metabolites, Limonene and Cyclohexane,
and their association to six plants in 𝑆. In Table 2, “1” means
that the metabolite is reported in the corresponding plant

and “0” means that the metabolite is unreported in that
plant.We treat all these unreported plant-metabolite relations
as currently unknown but actual relations. We repeat this
process for all 58 metabolite groups in 𝐾 and obtain a list of
unrecorded metabolites for the plants in 𝑆, which we show in
Table 3. Following thismethod,we canpredict some currently
unrecordedmetabolites and find some widespreadmedicinal
species that can be substitutions ofmore endangered relatives
currently being used [45].

Not all the predicted metabolites might actually be
produced in given plants because of the complexity of
metabolic pathway evolution. On the contrary, many true
relations could not be predicted due to the limitation of
the incomplete data source. However, with developments in
plant metabolomics, we may be able to add more plant-
metabolite relations in our analysis in the future and produce
better results. For other plant groups, we can also predict
numerous unrecorded metabolites. We list all the predicted
plant-metabolite relations in Supplementary Table 1.

3.5. Relationship between Metabolite Content and Uses of
Plants. Our unsupervised approach for classifying plants is
based on metabolite-content similarity using hierarchical
clustering. Our results substantially match those of tradi-
tional morphology-based taxonomy. However, our results
further reflect the usage patterns of plants.

The metabolite content of plants is always related to their
bioactive properties, and the similarity of the metabolite
content of plants can reveal their bioactive similarity. Gen-
erally, medicinal properties are not randomly distributed in
different classes of plants. Some plant classes are represented
by more medicinal plants than others. It is suggested that
there is a phylogenetic pattern in medicinal properties even
within one genus [45–47]. A similar distribution could also
be observed in our classification that plants with certain
uses are concentrated in the same group. Many plant groups
in our classification are of similar usage patterns. A plant
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Table 4: Resulting confusion matrix from support vector machine
(SVM) algorithm. 162 plants are labeled as edible (E),medicinal (M),
timber (T), landscaping (L), and poisonous (P), and SVMmodel was
constructed to classify them.

M E T L P Recognition rate [%]
M 81 0 0 0 0 100
E 1 47 0 0 0 97.9
T 6 0 8 0 0 57.2
L 8 1 0 5 0 35.7
P 4 1 0 0 0 0
Total: 162 plants. Accuracy: 87.0%.

is frequently related to multiple uses, but we only consider
the most common use in this paper. We collected all the
plant resource information fromvarious data sources, includ-
ing Wikipedia (https://www.wikipedia.org), and annotated
plants by their uses such as medicinal, edible, ornamental,
forestry, poisonous, and timber. Table 1 lists the usage patterns
of 216 plants. The economic uses of plants are represented
by different letters (E: edible, M: medicinal, L: landscaping,
including forestry and ornamental plants, T: timber, P:
poisonous, andW: wild plants that are not yet widely used by
humans). Eleven groups (ID: 1, 9, 10, 12, 13, 14, 15, 19, 26, 39,
and 40) involving 38 plants mostly consist of edible plants,
and 14 groups (ID: 2, 4, 6, 18, 21, 27, 29, 31, 36, 38, 41, 43,
44, and 48) involving 69 plants mostly consist of medicinal
plants. Moreover, 3 groups (ID: 8, 17, and 30) involving 10
plants mostly consist of landscaping or timber plants. This
implies that the proposed classification approach of plants is
consistent with their economic uses.

In this section, we investigate the relations between
usage patterns and metabolite content of plants using a
supervised classification technique. We considered every
metabolite group as a pathway pattern such that each group
can be used as a feature for classifying plants by their uses.
For this analysis, we considered 48 edible plants (E), 81
medicinal plants (M), 14 timber plants (T), 14 landscaping
plants (including forestry and ornamental plants), and 5
poisonous plants (P).We considered the plants that have both
edible and medicinal uses (plants with “E/M” in Table 1) as
medicinal plants. We applied an SVM algorithm to classify
the plants, using economic uses of plants as labels and
corresponding metabolite groups as features. Classification
performance was evaluated from the resulting confusion
matrix, as shown in Table 4.The rows of the confusionmatrix
indicate documented uses of plants and columns indicate the
predicted uses from the SVM algorithm. Recognition rate is
the proportion of correctly predicted plants corresponding to
a class.

We found that all the medicinal plants and all but one
edible plant were classified correctly. This implies that the
metabolite content of medicinal and edible plants substan-
tially differs. However, half the timber and landscaping plants
were classified as medicinal plants. Therefore, timber and
landscaping plants are somewhat related to medicinal plants
in terms of metabolite content. All the poisonous plants were
classified incorrectly: four plants were classified as medicinal

plants and one as edible. This implies that poisonous plants
are more similar to medicinal plants. Many poisonous plants
can be used in treating specific diseases if the doses are
carefully controlled [48]. In summary, edible plants represent
exclusive metabolite content and can be differently classified
from inedible plants. Furthermore,metabolite-content-based
classification also reveals the predictive power of medicinal
properties in bioprospecting. This indicates that our pro-
posed approach can be used for exploring nutritional or
medicinal properties of plants.

4. Conclusion

We proposed an approach for comparing the metabolite
content of plants and classifying plants by their metabolite
content. We showed that with this approach we can classify
plants similar to the traditional morphology-based plant
taxonomy. Naturally, this work can be generalized from
various perspectives. First, our approach can be regarded
as a novel chemosystematics method that can be used to
consider the global metabolite content of plants instead of
a group of metabolites as done in previous research. The
resulting classification is consistent with natural phylogenetic
and chemosystematics patterns of plants. Some deviations in
our classification from the NCBI taxonomy can be explained
in terms of bioactive similarity.Moreover, the complexity and
known extent of metabolite content vary for different plants.
We found that the Simpson coefficient can minimize the
effect of the unequal size of the metabolite content of organ-
isms and performs better in comparing metabolite content
of plants than the Jaccard coefficient, which has been widely
used as a similarity measure in various biological studies.

We also described a method for predicting unrecorded
metabolites by structurally similar metabolite groups and
phylogenetic relation of plants. With this method, we can
predict some unrecorded metabolites and find new edi-
ble/medicinal plants from wild plants that have not been
used by humans. Moreover, we studied the relation between
the metabolite content of plants and their economic uses.
We found that edible and medicinal plants represent unique
metabolic pathway patterns and can be classified with an
SVM algorithm with our integrated metabolite-content data.
Our proposed metabolite-content-based plant-classification
approach reveals the predictive power ofmedicinal properties
in bioprospecting.Theperformance of this approach depends
on the completeness of the metabolite-content data we use
becausemetabolite groups, whichwere regarded asmetabolic
pathway patterns in our research, have been extracted from
the background network of metabolites by using the DPClus
algorithm. Therefore, if we can add more plant-metabolite
relations, we can classify metabolites and species more
accurately. Also, metabolites along identical pathways always
correspond to high structural similarity. Our approach will
be useful for predicting metabolic pathways in plants.
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Drug repositioning offers new clinical indications for old drugs. Recently, many computational approaches have been developed to
repurpose marketed drugs in human diseases by mining various of biological data including disease expression profiles, pathways,
drug phenotype expression profiles, and chemical structure data. However, despite encouraging results, a comprehensive and
efficient computational drug repositioning approach is needed that includes the high-level integration of available resources.
In this study, we propose a systematic framework employing experimental genomic knowledge and pharmaceutical knowledge
to reposition drugs for a specific disease. Specifically, we first obtain experimental genomic knowledge from disease gene
expression profiles and pharmaceutical knowledge fromdrug phenotype expression profiles and construct a pathway-drug network
representing a priori known associations between drugs and pathways. To discover promising candidates for drug repositioning,
we initialize node labels for the pathway-drug network using identified disease pathways and known drugs associated with the
phenotype of interest and perform network propagation in a semisupervisedmanner. To evaluate our method, we conducted some
experiments to reposition 1309 drugs based on four different breast cancer datasets and verified the results of promising candidate
drugs for breast cancer by a two-step validation procedure. Consequently, our experimental results showed that the proposed
framework is quite useful approach to discover promising candidates for breast cancer treatment.

1. Introduction

Developing and discovering a new drug is a very costly and
time consuming process, which can take 10–17 years with
a cost of 1.3 billion dollars. Despite large investments in
research and development each year, there are still only a
small number of new drugs approved successfully by the
Food and Drug Administration (FDA) each year. Increasing
failure rates, high costs, and the lengthy testing process
for drug development have led to a process called drug
repositioning [1], which refers to identifying and developing
new uses for existing drugs to reduce the risk and cost.

Traditional drug repositioning methods primarily use
information on chemical structure, side effects, and drug

phenotypes and explore similar drugs based on the assump-
tion that structurally similar drugs tend to share common
indications [2–4]. In other words, the key idea behind these
approaches is that molecularly similar drug structures often
affect proteins and biological systems in similar ways [4].
For example, Swamidass [5] used chemical structure data to
identify unexpected connections between a known drug and
a disease and explored the hypothesis that if a drug has the
same target as a known drug, then this new drug would also
have activity against the disease. As another approach, Keiser
et al. used 3665 US FDA-approved and investigational drugs
that together had hundreds of targets, defining each target by
its ligands. The chemical similarities between the drugs and
ligand sets predicted thousands of unanticipated associations,
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which have been used to develop new indications for many
drugs.

Alternatively, some approaches use a drug phenotype,
which is the expression profile of patients undergoing treat-
ment with a drug. For example, the Connectivity Map
(CMap) [6, 7] project is exploring the effects of a large number
of FDA-approved chemicals (1309 drugs) on gene expression,
and these effects are measured in four different cell lines,
allowing researchers to analyze the different expression pat-
terns of drug’s target genes. Many computational approaches
have been introduced to reposition drugs using CMap by
analyzing drug-associated expression signatures to match
a repositioned drug’s effect with a shared perturbed gene
expression profile for another disease, under the assumption
that drugs that share similar CMap expression signatures
have similar therapeutic applications. Using the CMap data,
Iorio et al. [8] developed a drug repositioning method by
constructing a drug-drug similarity network using gene set
enrichment analysis (GSEA) [9] that could compute the
similarity between pairs of drugs. Several different studies
[3, 10–13] showed that using CMap expression profiles with
a combination of various data sources such as drug target
databases, drug chemical structures, and drug side effects was
an improvement over the current drug target identification
methods.

Moreover, the rapid developments in genomics and high-
throughput technologies have produced a large volume of
disease gene expression profiles, protein-protein interactions,
and pathways. The high-level integration of these resources
using network-based approaches is reported to have great
potential for discovering novel drug indications for existing
drugs [14]. For example, Chen et al. [15] introduced two dif-
ferent inference methods for predicting drug-disease associa-
tions based on basic network topology using a bipartite graph
constructed from DrugBank [16] and Online Mendelian
Inheritance in Man (OMIM) [17]. Emig et al. [18] integrated
gene expression profiles, drug targets, disease information,
and interactions for drug repositioning. Hu and Agarwal
[19] created a disease-drug network using disease microarray
datasets and predicted new indications for existing drugs
using their disease-drug network.

Although many of the above methods have shown
encouraging results for finding new indications for old drugs,
there are still some limitations. For example, Yildirim et
al. [20] concluded that most drugs with distinct chemical
structures target the same proteins, and Keiser et al. [21]
reported that structurally similar drugs may also target
proteinswith dissimilar functions, stating that using chemical
structure alone is insufficient for successful drug reposi-
tioning [22]. In addition, care should be taken when using
only the drug phenotype (drug treated) expression profile
(such asCMAP) for drug repositioning because someportion
of the genes or pathways that show statistically significant
expression differences in cell lines treated with the drug may
be expressed only because of the drug’s side effects or toxicity.
Furthermore, the genes expressed in the drug treated profiles
for specific disease cell line or tissue only represent a small
subset of the biological pathways, whereas the cooperation
of genes plays an important role in complex diseases such

as cancer. Pathway-based drug repositioning may be a better
alternative for drug repositioning for specific diseases such as
cancer.

To overcome the above limitations, the current drug
repositioning methods require a comprehensive and efficient
computational drug repositioning approach that incorpo-
rates powerful machine learning approaches using the high-
level integration of available data such as disease gene expres-
sion profiles (disease profile), drug treated expression profiles
(drug phenotype profile), and drug databases (STITCH [23],
DrugBank [16], therapeutic target database (TTD) [24]) to
discover new drugs for a human diseases. In this study, we
aim to develop a systematic computation framework that
repositions drugs by employing disease profile and drug
phenotype profiles on the drug network along with integrated
omics data.

2. Materials and Methods

In the framework as shown in Figure 1, we firstly identify
disease-specific pathways by using an integrative analysis of
multiple disease gene expression profiles and construct a
pathway-drug network structure using pathway-drug associ-
ations derived from the CMap drug phenotype profile. Then
to discover promising candidates, for drug repositioning, we
initialize node labels for the pathway-drug network using
identified disease pathways and known drugs associated
with breast cancer and perform network propagation in a
semisupervised manner.

In the following, the detailed explanations of our pro-
posed framework for repositioning and evaluation method
are described.

2.1. Finding Disease-Specific Pathways from Multiple Disease
Expression Profiles. To identify disease pathways related to
a specific disease, conventional approaches have usually
focused on identifying enriched pathways between cases and
controls using data from a single experiment. Specifically,
when using real experimental data such as microarray gene
expression data, it is possible for different studies to report
different results for disease-specific pathways. That is, the
results are often not reproducible or not robust even to
the mildest data perturbation, so the integrated analysis
of multiple existing studies can increase the reliability and
generalizability of results [25]. To address these issues, our
approach identifies a disease-specific pathway based on
disease pathway enrichment using multiple gene expression
profiles for a given phenotype, in which the disease pathway
enrichment results are integrated. Each disease expression
profile is preprocessed, and the pathways that show sig-
nificant differences between case and control samples are
identified by GSEA [9], which returns the enrichment score
(ES) and nominal 𝑝 value for each pathway. These scores
are used for comparison analysis across pathways to detect
significant pathways.

Here, we considered that the integration of pathways
significantly enriched for each expression profile could better
represent “disease-specific pathways” for the phenotype of
interest. To integrate, the pathways with a nominal 𝑝 value
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Figure 1:The proposed framework for drug repositioning. The proposed framework consists of several steps. First, disease-specific pathways
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are assigned using disease-specific pathways and known drugs associated with the given disease. Finally, pathway-based drug repositioning
is performed using semisupervised network propagation. The identified drugs are evaluated, and the final results are obtained.

less than 0.01 (𝑝 < 0.01) are selected as significant pathways
for each expression profile, and their union is defined as
“disease-specific pathways.” Figure 2 presents an illustration
of the integration process.

2.2. Deriving Pathway-Drug Associations from CMap Drug
Phenotype Profiles. To define a pathway-drug association,
pathway-drug enrichment is established from the drug phe-
notype expression profile (CMap: Connectivity Map) [6, 7],
which contains the gene expression profiles obtained from
five different cancer cell lines treated with 1309 (v2) small
drug molecules, most of which are FDA-approved drugs, for
a total 6100 data points representing gene expression results
with control vehicle samples. The CMap data are prepro-
cessed, batch effects are removed, and pathway enrichments
are estimated by GSEA as in previous studies [11, 26, 27]. As a
result, each pathway (1077) has an ES for each drug molecule
(1309).The strength of the ES indicates the association degree
of a pathway with a drug. As shown in Figure 3, the pathway-
drug association can be represented as a 1077 × 1309 matrix,

where the columns list the drugs and the rows list the
pathways.

2.3. Pathway-Drug Network Construction. A pathway-drug
network was established from the drug pathway associa-
tion profile. By using the pathway-drug enrichment matrix
(Figure 3), the pathway-drug bipartite graph structure 𝐺 =
(𝑈,𝑉, 𝐸, 𝑤) was constructed, whose vertices can be divided
into two disjoint sets: 𝑈 (pathways) and 𝑉 (drugs) such
that every edge 𝑒 ∈ 𝐸 with weight 𝑤 represents the
enrichment of pathway 𝑢𝑖 ∈ 𝑈 by drug V𝑗 ∈ 𝑉. In other
words, each node in the network corresponds to a drug
or pathway, and each edge corresponds to the association
between them. It can be observed that drugs tend to bindwith
disease-specific pathways. All nodes were initially unlabeled
as 0. Semisupervised learning on a network requires a small
amount of labeled data with a large amount of unlabeled data.

To use the constructed bipartite graph for drug reposi-
tioning, we made following assumption as in [4]: If phar-
macologically different drugs induce the same phenotype of
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interest, then most of molecular pathways they target must
be shared. In other words, drugs used to treat the same disease
(phenotype) target similar pathways. For example, if we have
some prior knowledge on certain drugs that are used to
treat a specific disease, then most of the molecular pathway
they target should be similar. In Figure 4, the blue drugs
(breast cancer treatment drugs) target pathway “B,” and the
green drugs (prostate cancer treatment drugs) target pathway
“D.” From this information, it is can be concluded that drug
“K” can likely be used to treat prostate cancer, when the
weight (ES) is high enough. This is main assumption that we
make in our proposed framework for pathway-based drug
repositioning. Defining the initial knowledge (or initial labels
for nodes) is also one of the key steps in this work.

2.4. Label Initialization on a Pathway-Drug Network. To
initialize the pathway-drug labels for the 𝑈 (pathways) and
𝑉 (drugs) disjoint sets, we used disease-specific pathways
inferred from the multiple gene expression profiles and
known treatment drugs for the given phenotype (breast can-
cer) were obtained from three different public resources: the
Maya Clinic, Cancer Organization, and TTD. The identified
disease-specific pathways were mapped to the U (pathways)
set and labeled as 1, and the remaining pathways were labeled
as 0.

For the 𝑉 (drugs) set, a more accurate prediction is
possible if we can set the labels for the drug set in the pathway-
drug network using previously known information about the
disease-related drugs prior to using network propagation to
predict drugs associated with the disease. Therefore, we first
verified known drugs used for the treatment of the disease
of interest using public drug-related sources, including the
Maya Clinic database, Cancer Organization database, and
TTD, and then determined the labels for the drug set in the
pathway-drug network. These drugs were mapped to the 𝑉
(drugs) set and labeled as 1, and the remaining drugs were
labeled as 0.

2.5. Drug Repositioning by Semisupervised Learning. Once
the initial labeling of the pathway-drug network was com-
pleted, we predicted the repositioned drugs by learning the
drug nodes and pathway nodes with the network propagation
algorithm. The bipartite graph can be defined as 𝐺 =
(𝑉,𝑈, 𝐸, 𝑤), where 𝑉 and 𝑈 are the node sets that are the
disjoint node, in which the nodes of each node set are
expressed as V and 𝑢, respectively. 𝐸 is the set of edges
between 𝑉 and 𝑈, and 𝑤 represents the weights of these
edges. The weight of a specific edge is expressed as 𝑤(V, 𝑢).
The function for the sum of all weight values for a node
can be defined as 𝑑(V) = ∑(V,𝑢)𝑤(V, 𝑢). Now, let us examine
the network propagation algorithm based on the definition
of the previously defined bipartite graph. First, the network
propagation algorithmnormalizes theweights of the bipartite
graph using the following formula:

𝐵 = 𝐷−1/2V ∗𝑊 ∗ 𝐷
−1/2
𝑢 . (1)

Here, W is a matrix containing the weights of the bipartite
graph,𝐷V and𝐷𝑢 are the diagonal matrices with the values of
𝐷𝑖V𝑖V = 𝑑(V) and𝐷𝑖𝑢𝑖𝑢 = 𝑑(𝑢), respectively, and 𝐵 is the matrix
of the normalized weights. Second, network propagation is
performed for the bipartite graph using formulae (2) and
(3), iterating over the objective function of the graph-based
semisupervised learning algorithm.

For each V ∈ 𝑉,

𝑓 (V)𝑡 = (1 − 𝛼) 𝑦 (V) + 𝛼∑
𝑢∈𝑈

𝐵𝑖V𝑖𝑢𝑓 (𝑢)
𝑡−1 . (2)

For each 𝑢 ∈ 𝑈,

𝑓 (𝑢)𝑡 = (1 − 𝛼) 𝑦 (𝑢) + 𝛼∑
V∈𝑉
𝐵𝑖V𝑖𝑢𝑓 (V)

𝑡−1 . (3)

Here, 𝑡 is the number of iterations and 𝑦 is the initial label of
the corresponding node.Theparameter𝛼 has a value between
0 and 1 and acts to regulate the relative weight of the initial
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label and the learned label. 𝑦(V) and 𝑦(𝑢) are the initial labels
for the drugs and pathway, respectively, whereas 𝑓(V) and
𝑓(𝑢) are the final label scores. Finally, network propagation
is completed when the values of 𝑓(V) and 𝑓(𝑢) converge.

If the network propagation algorithm is executed over
the pathway-drug bipartite according to the above method,
the learned drugs label scores can be obtained. As the label
score of a drug increases, the drug can be considered a more
promising candidate for drug repositioning for the given

phenotype. Therefore, we define the values of the final drug
label scores as the drug repositioning scores and use them
to predict disease-associated drugs from the pathway-drug
network. In addition, all obtained label scores are normalized
by the 𝑍-score using the following equation:

𝑍drug
𝑖

=
𝑙drug

𝑖

−mean (𝑙)
std (𝑙)

, (4)
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where 𝑙 is the label score vector for all drugs and 𝑙drug
𝑖

is the
final label score for drug𝑖. For each drug, the corresponding
𝑝 value was estimated based on the 𝑍-score for Gaussian
distribution. For more conservative results, we chose drugs
with 𝑝 < 0.001 as promising drug candidates for drug
repositioning for the given disease. The selected promising
drug candidates are evaluated by our validation methods and
chosen for further investigation.

3. Results and Discussion

We tested our proposed framework to reposition 1309 drugs
for breast cancer.

3.1. Finding Disease-Specific Pathways in Breast Cancer. To
obtain breast cancer-specific pathways, we used publicly
available breast cancer expression profiles (GSE15852 [28],
GSE20437 [29], GSE2043 [30], and GSE2990 [31]) from
the Gene Expression Omnibus (GEO) [32]. Table 1 shows
the detailed characteristics of the expression profiles used
in our study. Each dataset was preprocessed using RMA
techniques [33] and implemented in R using the BioCon-
ductor package, which includes a large number of metadata
packages appropriate for different types of microarrays.
Supplementary Figure 1, in Supplementary Material available
online at http://dx.doi.org/10.1155/2016/7147039, shows the
results of preprocessing. For each dataset, the corresponding
annotation databases were downloaded separately, and each
probe was mapped to a HUGO [34] gene symbol; a probe
was discarded if it did not match any symbol. In addition, if a
gene hadmultiple probes (many-to-one), the gene expression
values were averaged over the probes.

The human metabolic and signaling pathways were
obtained from the Molecular Signature Database (MSigDB)
[35]. As shown in Table 2, we chose the canonical path-
ways in the curated gene sets that contain 1077 pathways

collected from KEGG [36], Reactome [37], and BioCarta
(http://www.biocarta.com/).

For each dataset, a pathway was defined as breast cancer
enriched by GSEA when 𝑝 < 0.01. To integrate, the enriched
pathwayswith nominal𝑝 values less than 0.01 (𝑝 < 0.01) were
selected as significant pathways for each expression profile,
and their union was defined as the “disease-specific path-
ways.” Table 3 shows the number of enriched pathways for
each dataset and the integrated pathways obtained by taking
their union. Table 4 shows an example of enriched pathways
in breast cancer by using experiment dataset (GSE2990). In
the Supplementary Material, Tables 1–4 provide the GSEA
analysis results for each cancer expression profile and list the
identified disease-specific pathways that were used for label
initialization on the pathway-drug network.

3.2. Breast Cancer Drug Repositioning Using the Proposed
Approach. From the four different breast cancer expres-
sion profiles, 143 pathways were identified as significantly
enriched. On the pathway-drug network, these pathways
were mapped to the 𝑈 (pathways) set and initially labeled
as 1, and the remaining 934 pathways were labeled as 0.
In addition, known drugs used for the treatment for breast
cancer were obtained from three different public resources,
the Maya Clinic, Cancer Organization, and TTD. Sixty-
one drugs approved to treat breast cancer were obtained
from the Maya Clinic, 49 drugs were obtained from the
Cancer Organization, and 11 drugs were obtained from
TTD. Next, after mapping these drugs to the drug pathway
network only 10 drugs were successfully mapped. Moreover,
the 10 mapped drugs (tamoxifen, letrozole, doxorubicin,
vinblastine, exemestane, aminoglutethimide, methotrexate,
paclitaxel, megestrol, and fulvestrant) were labeled as 1 on V
(drugs), whereas all remaining drugs (1299) were labeled as 0.

Once the initial labels of the pathway-drug network
were chosen, we predicted promising candidates related to
breast cancer using semisupervised network propagation, as
shown in Figure 5. As a result, we considered 17 drugs with
𝑝 < 0.001, as shown in Table 5, and found that 10 of them
are already known drugs. The remaining seven drugs were
considered as promising drug candidates for breast cancer
and used for further validation to examine their association
with breast cancer.

3.3. Validation of Promising Candidate Drugs. To validate
the predicted drugs, we recommend the use of two different
methods. Drugs that have been successfully validated by both
methods are considered to be confirmed for repositioning for
breast cancer.

3.3.1. Biological Validation. Biological validation was per-
formed by manually checking the evidence in the biolog-
ical literature on promising drug candidates. We manually
searched for any possible indication of the repositioned drugs
for breast cancer. As shown in Table 6, for each promising
drug candidate, several different lines of evidence in the liter-
ature were found indicating its possible use for breast cancer.
Based on these results, we concluded that six drugs of seven
drugs were confirmed by biological validation for their new

http://dx.doi.org/10.1155/2016/7147039
http://www.biocarta.com/
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Table 1: Breast cancer gene expression datasets.

# Dataset id Samples (control/case) Probes Platform References
1 GSE15852 86 (43/43) 22283 GPL96 (HG-U133A) Pau Ni et al. [28]
2 GSE20438 42 (18/26) 22283 GPL96 (HG-U133A) Graham et al. [29]
3 GSE2043 286 (180/106) 22283 GPL96 (HG-U133A) Wang et al. [30]
4 GSE2929 193 (64/129) 22283 GPL96 (HG-U133A) Sotiriou et al. [31]
The gene expression datasets were downloaded from the NCBI Gene Expression Omnibus (GEO).

Table 2: Pathway data.

Database Pathways # of gene sets URL

MSigDB
(c2-canonical
pathways)

KEGG 186 http://www.genome.jp/kegg/
Reactome 674 http://www.reactome.org/
BioCarta 217 http://www.biocarta.com/

Total 1077

Table 3: Breast cancer disease-specific pathways for each dataset.

GSE15852 GSE20438 GSE2043 GSE2929 Integrated
pathways

# of pathways
𝑝 < 0.01 109 7 17 21 143

Enriched pathways were identified by GSEA. For integration, the pathways with (𝑝 value < 0.01) were selected as significant pathways for each expression
profile and their union was defined as “disease-specific pathways.”

Table 4: Breast cancer pathways from GSE2990 (𝑝 < 0.01).

# Name ES NES 𝑝 value

1 REACTOME DEFENSINS −0.767 −1.599 0.008230452

2 REACTOME ORGANIC CATION ANION ZWITTERION TRANSPORT 0.771 1.668 0.004016064

3 REACTOME G0 AND EARLY G1 −0.771 −1.601 0.008213553

4 REACTOME CELL SURFACE INTERACTIONS AT THE VASCULAR WALL −0.601 −1.670 0

5 REACTOME SYNTHESIS OF BILE ACIDS AND BILE SALTS VIA 7ALPHA
HYDROXYCHOLESTEROL 0.756 1.644 0.00617284

6 REACTOME PECAM1 INTERACTIONS −0.855 −1.685 0.001972387

7 REACTOME GABA SYNTHESIS RELEASE REUPTAKE AND DEGRADATION 0.773 1.558 0.003891051

8 REACTOME ACTIVATION OF THE PRE REPLICATIVE COMPLEX −0.773 −1.613 0.008438818

9 BIOCARTA GATA3 PATHWAY 0.746 1.688 0.002004008

10 REACTOME NEUROTRANSMITTER RELEASE CYCLE 0.709 1.747 0

11 BIOCARTA G2 PATHWAY −0.705 −1.704 0.00625

12 REACTOME PASSIVE TRANSPORT BY AQUAPORINS −0.757 −1.718 0.001865672

13 REACTOME PYRIMIDINE METABOLISM −0.702 −1.726 0.001964637

14 BIOCARTA ACTINY PATHWAY −0.734 −1.749 0.001945525

15 REACTOME SYNTHESIS OF GLYCOSYLPHOSPHATIDYLINOSITOL GPI 0.703 1.699 0.001976285

16 REACTOME ENDOGENOUS STEROLS −0.762 −1.694 0.005703422

17 REACTOME GLYCOSPHINGOLIPID METABOLISM 0.590 1.763 0.006048387
Supplementary files 2, 3, 4, and 5 provide the full pathway enrichment analysis results for the breast cancer expression profiles.

http://www.genome.jp/kegg/
http://www.reactome.org/
http://www.biocarta.com/
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Table 5: Predicted drugs after pathway-based drug repositioning.

Drug name Ranking score 𝑍-score p value Description

Doxorubicin∗ 0.999 8.935 0 It works by intercalating DNA, with the most serious adverse
effect being life threatening heart damage.

Exemestane∗ 0.803 6.880 2.99𝐸 − 12 Tyrosine kinase inhibitor which selectively inhibits HER2

Methotrexate∗ 0.708 5.892 1.91𝐸 − 09
blocks the production of steroids derived from cholesterol and
is clinically used in the treatment of Cushing’s syndrome and
metastatic breast cancer.

Megestrol∗ 0.668 5.464 2.33𝐸 − 08

It binds to and inhibits the enzyme dihydrofolate reductase,
resulting in inhibition of purine nucleotide and thymidylate
synthesis and, subsequently, inhibition of DNA and RNA
syntheses.

Paclitaxel∗ 0.646 5.235 8.26𝐸 − 08
It binds to and stabilizes microtubules, preventing their
depolymerization and so inhibiting cellular motility, mitosis,
and replication.

Aminoglutethimide∗ 0.637 5.148 1.32𝐸 − 07
It blocks the production of steroids derived from cholesterol and
is clinically used in the treatment of Cushing’s syndrome and
metastatic breast cancer.

Tamoxifen∗ 0.634 5.113 1.59𝐸 − 07

It is an antagonist of the estrogen receptor in breast tissue via its
active metabolite, hydroxytamoxifen. In other tissues such as
the endometrium, it behaves as an agonist and thus may be
characterized as a mixed agonist/antagonist.

Vinblastine∗ 0.625 5.020 2.59𝐸 − 07

It is an antimicrotubule drug used to treat certain kinds of
cancer, including Hodgkin’s lymphoma, non-small cell lung
cancer, breast cancer, head and neck cancer, and testicular
cancer.

Fulvestrant∗ 0.604 4.802 7.86𝐸 − 07

It is drug treatment of hormone receptor-positive metastatic
breast cancer in postmenopausal women with disease
progression following antiestrogen therapy. It is an estrogen
receptor antagonist with no agonist effects, which works by
downregulating the estrogen receptor.

Letrozole∗ 0.579 4.539 2.83𝐸 − 06 It is an oral nonsteroidal aromatase inhibitor for the treatment
of hormonally responsive breast cancer.

MS-275∗∗ 0.530 4.023 2.87𝐸 − 05
Entinostat, also known as SNDX-275 and MS-275, is a
benzamide histone deacetylase inhibitor undergoing clinical
trials for treatment of various cancers.

GW-8510∗∗ 0.477 3.467 0.000263332 Cyclin-dependent kinase 5 inhibitors: inhibition of dopamine
transporter activity.

Camptothecin∗∗ 0.475 3.452 0.000278495
It is an alkaloid isolated from the stem wood of the Chinese tree,
Camptotheca acuminata. This compound selectively inhibits the
nuclear enzyme DNA topoisomerase.

Phenoxybenzamine∗∗ 0.461 3.303 0.000478379
It is an alpha-adrenergic antagonist with long duration of
action. It has been used to treat hypertension and as a peripheral
vasodilator.

Tyrphostin AG-825∗∗ 0.447 3.159 0.000792504 It is tyrosine kinase inhibitor, which selectively inhibits HER2.

Alsterpaullone∗∗ 0.447 3.150 0.000815292 CDC2 protein kinase, antiangiogenic potential of small
molecular inhibitors of cyclin-dependent kinases in vitro.

Celastrol∗∗ 0.442 3.100 0.000966191

Celastrol is a remedial ingredient isolated from the root extracts
of “Tripterygium wilfordii” (Thunder of God vine) and
“Celastrus regelii.” In “in vitro” and “in vivo” animal
experiments, celastrol exhibits antioxidant, anti-inflammatory,
anticancer, and insecticidal activities.

∗Known breast cancer drug. ∗∗Potential drug candidate for repositioning.
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Table 6: Literature evidences for the promising drug candidates for breast cancer.

Promising drugs Biological
validation Related literature for possible usage for breast cancer

MS-275∗∗ o

(i) [45]: the potential anticancer activity of MS-275 in combination with
pentoxifylline in panel of cell lines and human breast cancer xenograft model in
vitro and in vivo.
(ii) [46]: MS-275 sensitizes TRAIL-resistant breast cancer cells, inhibits
angiogenesis andmetastasis, and reverses epithelial-mesenchymal transition in vivo.
(iii) [47]: HDAC inhibitors (MS-275) enhance the apoptosis-inducing potential of
TRAIL in breast carcinoma.

GW-8510∗∗ ⬦

(i) [48]: repositioning of a cyclin-dependent kinase inhibitor GW-8510 as a
ribonucleotide reductase M2 inhibitor to treat human colorectal cancer. In addition,
GW-8510 induced autophagic cell death.
(ii) [49]: in cell viability tests, four candidate drugs, GW-8510, etacrynic acid,
ginkgolide A, and 6-azathymine, are identified as having high inhibitory activities
against cancer cells.

Camptothecin∗∗ o

(i) [50]: the camptothecin targets WRN protein: mechanism and relevance in
clinical breast cancer.
(ii) [51]: CRLX101, an investigational camptothecin-containing nanoparticle-drug
conjugate, targets cancer stem cells and impedes resistance to antiangiogenic
therapy in mouse models of breast cancer.
(iii) [52]: STI571 sensitizes breast cancer cells to 5-fluorouracil, cisplatin, and
camptothecin in a cell type-specific manner.
(iv) [53]: acquired camptothecin resistance of human breast cancer MCF-7/C4 cells
with normal topoisomerase I and elevated DNA repair.
(v) known as “Happy Tree” in Chinese traditional cancer treatment.

Phenoxybenzamine∗∗ x (i) Not enough evidence.

Tyrphostin AG-825∗∗ o

(i) [54]: C-Src activation by ErbB2 leads to attachment-independent growth of
human breast epithelial cells.
(ii) [55]: using in vivo mouse models of breast cancer: using gefitinib, ERBB1
inhibition rapidly inhibits tumor cell motility and invasion but not intravasation,
whereas ERBB2 inhibition by AG825 rapidly blocks intravasation.
(iii) [56]: tyrphostin AG 825 has been used in combination with
hypericin-mediated photodynamic therapy (HY-PDT) for evaluating its therapeutic
effects in HER2 overexpressing human breast cancer cells.

Alsterpaullone∗∗ o

(i) [57]: the antitumor effects of ALP through induction of apoptosis in breast
cancer and leukemia cells. Identification of alsterpaullone as a novel small molecule
inhibitor to target group 3 medulloblastoma.
(ii) [58]: baicalein blocked survivin expression in lung and breast cancer cells.
Alsterpaullone is a CDC2 kinase inhibitor (43). Both CDC25 phosphatase and
CDC2 kinase inhibitors enhanced the baicalein-induced cancer cell death.

Celastrol∗∗ o

(i) [59]: anticancer effect of celastrol on human triple negative breast cancer:
possible involvement of oxidative stress, mitochondrial dysfunction, apoptosis, and
PI3K/Akt pathways.
(ii) [60]: celastrol induces that apoptosis of breast cancer cells and inhibits invasion
via downregulation of MMP-9.

∗∗Potential drug candidate for repositioning.

usage in breast cancer treatment, with phenoxybenzamine
not being confirmed.

3.3.2. Computational Evaluation on the Validation Network.
In drug repositioning, it is difficult to compare and evaluate
the performances of computational methods. To address this
issue, several recent studies have focused on curating a com-
prehensive and public catalog of existing drug indications
using a manual process [4].

Therefore, to develop a better evaluation method using
computational methods, a validation network was con-
structed using information on three different relationships,
drug-drug, drug-gene, and gene-gene, from the STITCH
and STRING databases [38]. The drug-drug relationship
information was obtained from the STITCH (v4) [39]
database, which contains data on the interactions between
small molecules and the edges between two chemicals that
are expressed using a score between 0 and 900 defined
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Table 7: Degree centrality of promising drug candidates on the
validation network.

Rank Drug name Degree
centrality

1 Tamoxifen∗ 0.661
2 Doxorubicin∗ 0.554
3 Paclitaxel∗ 0.536
4 Fulvestrant∗ 0.268
5 Methotrexate∗ 0.268
6 Camptothecin∗∗ 0.232
7 Letrozole∗ 0.214
8 Vinblastine∗ 0.196
9 Exemestane∗ 0.179
10 Megestrol∗ 0.125
11 Aminoglutethimide∗ 0.107
12 MS-275∗∗ 0.089
13 Alsterpaullone∗∗ 0.071
14 GW-8510∗∗ 0.036
15 Phenoxybenzamine∗∗ 0.036
16 Celastrol∗∗ 0.036
17 Tyrphostin AG-825∗∗ 0.018
∗Known breast cancer drug. ∗∗Potential drug candidate for repositioning.

from the chemical similarity between drugs. The drug-gene
network was constructed fromSTITCH (for human) protein-
chemical interactions with the help of the STRING database
which provides 4,523,609 relationships for humans with the
correlations between proteins and chemicals recorded as
scores using information obtained from experimental results,
text-mining, or predicted correlations. The gene-gene net-
work was constructed from the STRING database, where A
PPI network can be described as a complex system of proteins
linked by interactions. Two proteins or genes that physically
interact are represented as adjacent nodes connected by an
edge. Each protein id (unipro id) is converted to the corre-
sponding gene symbols using annotation databases provided
in the STRING protein-protein interaction database. For
computational evaluation, we have selected a maximum of
40 neighbors of drugs (17 drugs) with a weight criterion of
𝑟 > 0.4 from the validation network derived from STITCH.
The constructed validation network is illustrated in Figure 6.

To investigate the node properties in a network, network
topology measurements (degree centrality and betweenness)
and linkage analysis (PageRank) are often used. Degree
centrality represents the number of interactions/edges/con-
nections for a node. Biological networks are mostly scale-
free networks, in which most nodes have few edges and
a small number of nodes (hub) have a very high degree
centrality. Betweenness is measured by the shortest paths
between all nodes in the network and nodes that have the
“shortest path” going through them are called bottlenecks.
These hub and bottleneck nodes are topologically important
and are usually functionally essential nodes (genes and drugs
that have significant biological roles). Nodes connected to the

hub and bottleneck node directly can also be functionally
important. In addition, link analysis is a technique used to
evaluate relationships (connection weights). The PageRank is
a popular link analysis algorithm based on idea that a node
should be significant if other significant nodes contain links
to it.

By answering the following biological questions for the
promising drug candidates, we identified the most promising
drugs among them.

(i) Which candidate drug has an interesting/important
relationship (connections) with known drugs?

(ii) Which candidate drug has the hub/bottleneck prop-
erty on the validation network?

(iii) Which candidate drugs are connected to known
breast cancer target genes?

For this purpose, we checked the network properties of
promising drug candidates on the validation network using
degree centrality, betweenness, and PageRank. Among them,
the network topology measurements (degree centrality and
betweenness) are designed to produce a ranking which allows
indication of the most important vertices and not designed
to measure the influence of neighbor nodes in general.
Therefore, for better validation of promising candidates on
validation network, PageRank algorithm seems to be more
preferable which evaluates the nodes by considering their
connection weights to the influential neighbors nodes.

From the results shown in Table 7, the popular breast
cancer drug “tamoxifen” was identified as the most impor-
tant hub node with degree centrality of 0.661 on the val-
idation network. Among the promising drug candidates,
camptothecin showed the hub node property with the high-
est degree centrality (0.232) among the other five (MS-
275, GW-8510, phenoxybenzamine, tyrphostin AG-825, and
alsterpaullone). Table 8 shows the neighbor nodes of the
camptothecin on the validation network where it has a strong
chemical similarity with the known drugs doxorubicin,
paclitaxel, vinblastine, and methotrexate. A close look at this
relationship is shown in Figure 7(a), and this evidence seems
to point to the possibility of using the camptothecin for breast
cancer treatment because structurally similar drugs usually
bind the same disease targets. In addition, from Table 8 and
Figures 7(a) and 7(b), it can be seen that camptothecin has
a strong target relation with the genes that play active role
in breast cancer including TOP1, ABCB1, TOP2A, CASP3,
and TP53 (neighbors) and EGFR (second-degree neighbor).
TOP1 and TOP2A were reported to inhibit the breast can-
cer resistant proteins [40]. ABCB1 is known as prognostic
factor in breast cancer patients [41]. CASP3 expression loss
represents an important cell survival mechanism in breast
cancer patients [42] and it inhibits the growth of breast cancer
cells. EGFR was one of the first identified important targets
in breast cancer, and half of breast cancer cases overexpress
EGFR.

The candidate drugs MS-257 and alsterpaullone showed
relatively higher degree centrality values among the remain-
ing drugs. Table 9 and Figure 8 show the neighbor nodes
relationship of MS-257 on the validation network, where it



BioMed Research International 11

Table 8: The neighbors of candidate drug “camptothecin” on the validation network.

Nodes Description Weight

TOP1 Topoisomerase (DNA) I: the reaction catalyzed by topoisomerases leads to the
conversion of one topological isomer of DNA to another. 0.999

CASP3 Caspase 3: apoptosis-related cysteine peptidase: it is involved in the activation
cascade of caspases responsible for apoptosis execution. 0.965

TP53
Tumor protein p53: it acts as a tumor suppressor in many tumor types and induces
growth arrest or apoptosis depending on the physiological circumstances and cell
type.

0.965

Doxorubicin∗ It is a drug used in cancer chemotherapy; it works by intercalating DNA, with the
most serious adverse effect being life threatening heart damage. 0.890

ABCG2

ATP-binding cassette, subfamily G (WHITE), member 2; xenobiotic transporter that
may play an important role in the exclusion of xenobiotics from the brain. It may be
involved in brain-to-blood efflux. It appears to play a major role in the multidrug
resistance phenotype of several cancer cell lines.

0.873

CDK1

Cyclin-dependent kinase 1: it plays a key role in the control of the eukaryotic cell
cycle. It is required in higher cells for entry into S phase and mitosis. p34 is a
component of the kinase complex that phosphorylates the repetitive C-terminus of
RNA polymerase II.

0.846

ABCB1 ATP-binding cassette, subfamily B (MDR/TAP), member 1; energy-dependent efflux
pump responsible for decreased drug accumulation in multidrug-resistant cells. 0.843

BCL2

B-cell CLL/lymphoma 2: it suppresses apoptosis in a variety of cell systems including
factor-dependent lymphohematopoietic and neural cells. It regulates cell death by
controlling the mitochondrial membrane permeability. It appears to function in a
feedback loop system with caspases. It inhibits caspase activity either by preventing
the release of cytochrome c from the mitochondria and/or by binding to the
apoptosis-activating factor (APAF-1).

0.820

Paclitaxel∗
It binds to and inhibits the enzyme dihydrofolate reductase, resulting in inhibition of
purine nucleotide and thymidylate synthesis and, subsequently, inhibition of DNA
and RNA syntheses.

0.812

CDK2 Cyclin-dependent kinase 2; involved in the control of the cell cycle; interacting with
cyclins A, B1, B3, D, or E. Activity of CDK2 is maximal during S phase and G2. 0.754

Vinblastine∗
An antimicrotubule drug used to treat certain kinds of cancer, including Hodgkin’s
lymphoma, non-small cell lung cancer, breast cancer, head and neck cancer, and
testicular cancer.

0.560

Methotrexate∗ It blocks the production of steroids derived from cholesterol and is clinically used in
the treatment of Cushing’s syndrome and metastatic breast cancer. 0.554

TOP2A Topoisomerase (DNA) II alpha 170 kDa; control of topological states of DNA by
transient breakage and subsequent rejoining of DNA strands. 0.431

∗Known breast cancer drug.

Table 9: The neighbors of candidate drug “MS-257” on the validation network.

Genes Description Weight

HDAC1
Histone deacetylase 1; responsible for the deacetylation of lysine residues on the N-terminal part of the
core histones (H2A, H2B, H3, and H4). Histone deacetylation gives a tag for epigenetic repression and
plays an important role in transcriptional regulation, cell cycle progression, and developmental events.

0.987

TP53 Tumor protein p53: it acts as a tumor suppressor in many tumor types and induces growth arrest or
apoptosis depending on the physiological circumstances and cell type. 0.831

CASP3 Caspase 3, apoptosis-related cysteine peptidase; involved in the activation cascade of caspases responsible
for apoptosis execution. 0.827

CCND1 cyclin D1; essential for the control of the cell cycle at the G1/S (start) transition. 0.822

CYP3A4 Cytochrome P450, family 3, subfamily A, polypeptide 4; cytochromes P450 are a group of heme-thiolate
monooxygenases. 0.433
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Figure 5: Breast cancer drug repositioning. Ten known drugs approved to treat breast cancer were obtained from the Maya Clinic, Cancer
Org, and TTD. A total of 143 breast cancer-specific pathways were identified from multiple breast cancer expression profiles. Successfully
mapped pathways and drugs were labeled as 1. Once labels were initialized on the pathway-drug network, we repositioned drugs for breast
cancer using semisupervised learning. Predicted drugs with 𝑝 < 0.001 were considered promising candidate drugs, and their associations
with breast cancer were investigated using two different validation methods.

has strong target relationships with the genes HDAC1, TP53,
CASP3, CCND1, and CYP3A4. Overexpression of HDCA1
represents clinicopathological indicators of disease progres-
sion in human breast cancer [43]. CCDN1 was reported to
be a therapeutic target in breast cancer [44], and it has an
indirect relationship with breast cancer susceptibility gene
BRCA1.The betweenness results are summarized in Table 10.
Among promising drug candidates only camptothecin and
MS-275 showed some bottleneck node properties. Tamoxifen
was defined as the most important bottleneck drug for
breast cancer. Finally, we evaluated the connection weights
of candidate drugs on the validation network using PageRank
algorithm. We chose the alpha parameter as 0.85, which is the
most commonly used value for this parameter with original
Google PageRank algorithm. As shown in Table 11, camp-
tothecin (0.257), alsterpaullone (0.102), and MS-275 (0,088)
exhibited higher ranking scores than the other promising
candidate drugs.

From the evidences shown above, we concluded that
camptothecin, MS-257, and alsterpaullone exhibited the

strongest network property evidences for breast cancer on
the validation network. In general, all of the promising
candidates successfully passed the computational evaluation
on the network.

After performing biological and computational evalua-
tions of the promising candidate drugs, we selected camp-
tothecin as the most promising candidate because it was
the most successful in both evaluation processes. For MS-
278, GW-85, AG825, alsterpaullone, and celastrol, there
was strong literature evidence with a reasonable network
property.Thus, as shown in Figure 9, camptothecin, MS-278,
alsterpaullone, GW-85, and AG825 and were validated as
repositioned drugs and indicated for further investigation in
breast cancer treatment.

4. Summary

We introduced a new systematic framework for disease-
specific drug repositioning from integrated gene expression
profiles on a pathway-drug network constructed from drug
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Number of drugs: known drugs: 10, promising candidate drugs: 7
Number of genes: 40
Number of edges: 385, average degree: 13.5
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Figure 6: Known drugs and promising drug candidates on the validation network.The validation network for 16 drugs was constructed from
STITCH. Each node is a drug or a gene.The green edges represent drug-gene interactions, and the red edges indicate drug-drug interactions;
the blue edges represent gene-gene relationships obtained from STRING. Wider edges reflect stronger relationships between nodes. For
easier implementation and visualization, a maximum of 40 neighbors of drugs (17 nodes) with a weight criterion of 𝑟 > 0.4 were selected. As
indicated in the figure, some drugs have significant topological features on the validation network.

(a) (b)

Figure 7: The candidate drug camptothecin on the validation network. (a) Camptothecin has a strong relationship (chemical similarity)
with known breast cancer drugs: doxorubin, paclitaxel, vinblastine, and methotrexate. (b) Camptothecin has direct target relationship with
the genes playing active roles in breast cancer including TOP1, ABCB1, TOP2A, CASP3, and TP53 (neighbors). Moreover, it has an indirect
relationship with the breast cancer target gene EGFR.
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HDAC1
Histone deacetylase 1; responsible for the deacetylation of lysine residues on the N-

terminal part of the core histones (H2A, H2B, H3, and H4). Histone deacetylation gives a 
tag for epigenetic repression and plays an important role in transcriptional regulation, cell 

cycle progression, and developmental events

0.987

TP53 Tumor protein p53; it acts as a tumor suppressor in many tumor types; it induces growth
arrest or apoptosis depending on the physiological circumstances and cell type 0.831

CASP3 Caspase 3, apoptosis-related cysteine peptidase; it is involved in the activation cascade of 
caspases responsible for apoptosis execution 0.827

CCND1 Cyclin D1: it is essential for the control of the cell cycle at the G1/S (start) transition 0.822

CYP3A4 Cytochrome P450, family 3, subfamily A, polypeptide 4; cytochromes P450 are a group of 
heme-thiolate monooxygenases 0.433

Directly connected genes

Genes Description Weight

CDK4 Cyclin-dependent kinase; probably involved in the control of the cell cycle 0.999
MDM2 mdm2 p53 binding protein homolog (mouse), inhibiting TP53/p53 and TP73/p73 cell cycle 0.999

CDKN1A Cyclin-dependent kinase inhibitor 1A (p21, Cip1), whose role is mediated by p53/TP53 as an 
inhibitor of cellular proliferation in response to DNA damage

0.999

ATM Ataxia telangiectasia mutated; serine/threonine protein kinase 0.999
CDK6 Cyclin-dependent kinase 6; probably involving the control of cell 0.999
RB1 Retinoblastoma 1; key regulator of entry into cell division that acts as a tumor suppressor 0.999

SIRT1 Sirtuin (silent mating type information regulation 2 homolog) 1 (S. cerevisiae); NAD-
dependent

0.999

BRCA1
Breast cancer 1, early onset; the BRCA1-BARD1 heterodimer coordinates a diverse range

of cell pathways such as DNA damage repair, ubiquitination, and transcriptional regulation 
to maintain genomic stability

0.999

CDKN1B Cyclin-dependent kinase inhibitor 1B (p2, Kip1); important regulator of cell cycle progression 0.999

KAT2B K(lysine) acetyltransferase 2B; it has histone acetyl transferase activity with core histones 
and nucleosome core particles 0.999
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Figure 9: Validated drugs. Candidate drugs with successful results for both the biological validation and computational evaluation are
considered repositioned drugs for breast cancer.

Table 10: Betweenness of promising drug candidates on the valida-
tion network.

Rank Drug name Betweenness
1 Tamoxifen∗ 172
2 Paclitaxel∗ 37
3 Doxorubicin∗ 32
4 Camptothecin∗∗ 13
5 Exemestane∗ 13
6 Fulvestrant∗ 12
7 Methotrexate∗ 10
8 Vinblastine∗ 6
9 Megestrol∗ 6
10 Aminoglutethimide∗ 2
11 Letrozole∗ 2
12 MS-275∗∗ 2
13 GW-8510∗∗ 0
14 Phenoxybenzamine∗∗ 0
15 Tyrphostin AG-825∗∗ 0
16 Alsterpaullone∗∗ 0
17 Celastrol∗∗ 0
∗Known breast cancer drug. ∗∗Potential drug candidate for repositioning.

phenotype expression profiles (CMap) using semisupervised
learning. The proposed pathway-based drug repositioning
process showed encouraging resultswhenusing four different
disease expression profiles to predict candidate drugs for
disease-specific repositioning.

Two different methods were employed to evaluate the
repositioned drugs. The drugs that passed both evaluation
methods successfully were considered the most promising
drugs to target breast cancer. As a result, several drugs,
including camptothecin, MS-275, alsterpaullone, GW-8510,
AG 825, and celastrol were identified as possible drugs to
be repositioned to treat breast cancer, and these results
are supported by multiple lines of evidence in the public

Table 11: PageRank of promising drug candidates on the validation
network (𝛼 = 0.85).

Rank Drug name Ranking score
1 Tamoxifen∗ 0.990
2 Doxorubicin∗ 0.692
3 Paclitaxel∗ 0.663
4 Methotrexate∗ 0.373
5 Fulvestrant∗ 0.316
6 Camptothecin∗∗ 0.257
7 Letrozole∗ 0.252
8 Vinblastine∗ 0.235
9 Exemestane∗ 0.176
10 Aminoglutethimide∗ 0.108
11 Alsterpaullone∗∗ 0.102
12 Megestrol∗ 0.101
13 MS-275∗∗ 0.088
14 Phenoxybenzamine∗∗ 0.080
15 GW-8510∗∗ 0.026
16 Celastrol∗∗ 0.023
17 Tyrphostin AG-825∗∗ 0.010
∗Known breast cancer drug. ∗∗Potential drug candidate for repositioning.

literature. Specifically, camptothecin was the most promising
drug candidate because it showed a high network property on
the validation network and was supported by evidence in the
literature.

Despite the interesting results, our method for drug
repositioning was developed and validated in only using
integrated mRNA gene expression profiles. However, the
strategy can be easily improved to include other experimental
data types, such as RNA-seq, miRNA, DNA-methylation,
and single nucleotide polymorphism (SNP) information.
Finally, the increasing number of genomic and pharmaceu-
tical databases necessitates the further development of the
method to identify new drugs and targets for rare cancer
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subtypes, develop personalizedmedicine, and design targeted
cancer therapies.
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Tsetse flies (Glossina spp.) are the primary vectors of trypanosomes, which can cause human and animal African trypanosomiasis in
Sub-Saharan African countries. The objective of this study was to explore the genome of Glossina morsitans morsitans for evidence
of horizontal gene transfer (HGT) frommicroorganisms.We employed an alignment-free clusteringmethod, that is, batch learning
self-organising map (BLSOM), in which sequence fragments are clustered based on the similarity of oligonucleotide frequencies
independently of sequence homology. After an initial scan of HGT events using BLSOM, we identified 3.8% of the tsetse fly genome
asHGTcandidates.Thepredicted donors of theseHGTcandidates included known symbionts, such asWolbachia, aswell as bacteria
that have not previously been associated with the tsetse fly. We detected HGT candidates from diverse bacteria such as Bacillus and
Flavobacteria, suggesting a past association between these taxa. Functional annotation revealed that the HGT candidates encoded
loci in various functional pathways, such as metabolic and antibiotic biosynthesis pathways. These findings provide a basis for
understanding the coevolutionary history of the tsetse fly and itsmicrobes and establish the effectiveness of BLSOMfor the detection
of HGT events.

1. Introduction

Tsetse flies (Glossina spp.) are the primary vectors of try-
panosome parasites; they cause humanAfrican trypanosomi-
asis (or sleeping sickness) and animal African trypanosomi-
asis (or nagana) in Sub-Saharan African countries. The flies
harbour three maternally transmitted endosymbionts, Wig-
glesworthia glossinidia, Sodalis glossinidius, and Wolbachia
pipientis, which influence host physiology. For example,
Wigglesworthia provides essential nutrients, such as vitamins,

to the host [1, 2] and influences host immune maturation [3].
Although the precise role of Sodalis in the tsetse fly is not
clear, it appears to influence various host properties, such as
longevity and susceptibility to trypanosome infections [4–
6]. In many arthropod species [7, 8], Wolbachia induces
strong cytoplasmic incompatibility, which was also observed
in the tsetse fly [9]. In addition to these common bacteria, a
recentmicrobial population analysis using a deep-sequencing
approach revealed other facultative microorganisms from
diverse bacterial families in the guts of tsetse flies, though
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their relative abundances were very low compared to that of
the symbiontWigglesworthia [10].

In addition to the parasitism of bacterial organisms
themselves, partial genome sequences of Wolbachia are
incorporated into the tsetse fly genome. Initially, Doudoumis
et al. reported the incorporation of short fragments of
three Wolbachia genes (16S rDNA, fbpA, and wsp) in the
genomes of laboratory and natural Glossina morsitans morsi-
tans (Gmm) populations [11]. Subsequently, a whole-genome
sequencing project revealed large insertions of theWolbachia
genome in the Gmm genome via horizontal gene transfer
(HGT) events [12, 13]. These insertions were identified by
extractingWolbachia-specific sequences fromwhole-genome
Sanger sequencing reads and pyrosequencing data based on
nucleotide homology with the complete genome sequences
of three Wolbachia strains (wMel, wRi and wBm) [13].
Fluorescent in situ hybridisation analyses further confirmed
the presence of these insertions inGmm on the two sex chro-
mosomes (X and Y) and the supernumerary B-chromosome
[12, 13].

HGT elements can be detected by two main methods:
phylogeny-based and composition-based methods [14]. The
first method relies on sequence alignments; HGT is identified
when the position of a query sequence in a tree does
not match that of a reference phylogeny. Although this
approach is robust, the frequency of HGT events may be
underestimated, especiallywhen there is a lack of information
on donor sequences [15]. The second method relies on
nucleotide compositional features, such as G+C content,
nucleotide frequencies, or codon usage [16–18], and theoret-
ically does not require sequence homology. Batch learning
self-organisingmap (BLSOM) is an alignment-free clustering
method that generates a map independently of the order
in which data are input via a learning process [19, 20].
This method enables the clustering of genomic sequence
fragments based on the similarity of oligonucleotide frequen-
cies, without any other taxonomical information; it has been
successfully applied in genomic and metagenomic studies
[20–22].

The objective of this study was to characterise HGT from
microorganisms in the genome ofGmm using the alignment-
free clustering method BLSOM. Using BLSOM, we detected
a number of HGT candidates from diverse origins. In a
comparison of the results for HGT from Wolbachia between
methods, there was a high level of agreement between
BLSOM and BLASTn, a homology-based approach. Based
on functional annotation, these potential HGT elements
encoded loci in various functional pathways.

2. Materials and Methods

2.1. Genome Sequences. The tsetse fly (Gmm) genome
(Accession number CCAG010000000) and all prokary-
otic sequences identified to the species level (n = 5,600)
were obtained fromGenBank (http://www.ncbi.nlm.nih.gov/
Genbank/). When the number of undetermined nucleotides
(Ns) exceeded 10% of the window size (5 kb), the sequence
was omitted from the analysis. When the number of Ns

was less than 10%, the oligonucleotide frequencies were
normalised to the length without Ns and included in the
analysis.

2.2. Batch Learning Self-Organising Map. G+C% is a funda-
mental value for the phylogenetic classification of microbial
genomes, including viral genomes, but it cannot differentiate
a wide variety of genomes. Oligonucleotide composition
can distinguish species, even those with the same G+C%,
because it varies substantially among genomes; accordingly,
it is referred to as a “genome signature” [23]. Multivariate
analyses, such as factor correspondence analysis and prin-
cipal component analysis (PCA), are useful to investigate
variation in gene sequences [24]. However, the clustering
power of conventional multivariate analyses is inadequate
when massive quantities of sequence data from a wide
variety of genomes are analysed collectively. Kohonen’s self-
organising map (SOM) is a powerful tool for clustering
and visualising high-dimensional data vectors on a two-
dimensional plane [25, 26]. To handle codon and oligonu-
cleotide composition as high-dimensional data vectors, we
modified the conventional SOM to develop the BLSOM [19,
20], which is suitable for genome sequence analyses and high-
performance parallel computing. The initial weight vectors
were defined by PCA, instead of random values, based on
the finding that PCA can classify gene sequences into groups
of known biological categories. Weight vectors (wij) were
arranged in the two-dimensional lattice denoted by i (=0,
1,. . ., I−1) and j (=0, 1,. . ., J−1). Weight vectors (wij) were
set and updated as described previously [19, 27]. A BLSOM
program suitable for PC cluster systems is available on our
website (http://bioinfo.ie.niigata-u.ac.jp/?BLSOM).

2.3. Detection of HGT Candidates in the Tsetse Fly Genome
and Prediction of Their Origins Using BLSOM. To identify
HGT candidates in the tsetse fly genome derived from
prokaryotes, two types of large-scale BLSOM were used,
that is, Tsetse+Prokaryotes- and Genus-BLSOM, using all
genome sequences deposited in DDBJ/ENA/GenBank. A
Tsetse+Prokaryotes-BLSOM was constructed with a degen-
erate tetranucleotide composition for all 5 kb sequences
derived from tsetse fly genome sequences of longer than
5 kb plus 5,600 identified prokaryotes for which at least 10 kb
of sequence was available from DDBJ/ENA/GenBank. The
degenerate tetranucleotide composition was the composition
of degenerate sets in which a pair of complementary tetranu-
cleotides was added (e.g., ATGC and GCAT). To obtain
more detailed phylotype information for the prokaryotic
sequences, Genus-BLSOM was constructed for each phylum
derived from 5,600 identified prokaryotes.

For tsetse fly contigs of longer than 5 kb (9,710 con-
tigs), a 5 kb window with a 1 kb step was used to obtain
303,250 segments (Figure 1, Step 1), which were mapped to
Tsetse+Prokaryotes-BLSOM by identifying the lattice point
with the minimum Euclidian distances in the multidimen-
sional space (Figure 1, Step 2). For every lattice point at which
tsetse fly genomic segments were mapped to prokaryotic
territories, the most abundant phylum was identified, and
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Figure 1: Workflow for data processing and BLSOM analysis.

the mapped tsetse fly genomic segments were tentatively
assumed to belong to the phylum. Finally, when the most
abundant phylum in more than 40% of the segments derived
from a single tsetse fly contig was the same, the tsetse
fly contig was assigned to this phylum by BLSOM. To
identify the phylogenetic origin of the tsetse fly genomic
segments that were mapped to the prokaryotic territories on
Tsetse+Prokaryotes-BLSOM, they were successively mapped
on Genus-BLSOM (Figure 1, Step 3). Similar stepwise map-
pings of tsetse fly genomic segments on BLSOMs constructed
with sequences from more detailed phylogenetic categories
(e.g., genera) were conducted.

2.4. Detection of HGT Candidates by BLASTn. To detect
HGT candidates derived from Wolbachia, a local BLASTn
search was conducted with the contig sequences of the
tsetse fly that exceeded 5 kb against the NCBI nonredundant
nucleotide database. When more than 1 kb of the sequence
showed similarity with Wolbachia with top-hits and an E-
value threshold of 1 × 10−5, the contigs were considered HGT
candidates derived fromWolbachia.

2.5. Functional Classification of HGT Candidates. The
sequence fragments with prokaryote origins were function-
ally annotated using KEGG (Kyoto Encyclopedia of Genes
and Genomes) mapping [28] with the KAAS web server
(http://www.genome.jp/tools/kaas/) [29]. KEGG Orthology
(KO) assignments were obtained using the single-directional
best-hit method. The organisms included in the analysis
were as follows (based on IDs): hsa, dme, ath, sce, pfa,

eco, sty, hin, pae, nme, hpy, rpr, mlo, bsu, sau, lla, spn, cac,
mge, mtu, ctr, bbu, syn, aae, mja, afu, pho, and ape. The
organisms in the database are listed on the KAAS web server
(http://www.genome.jp/kaas-bin/kaas org).

3. Results and Discussion

3.1. Detection of HGT Candidates Using BLSOM. Of 303,250
sequence segments obtained from the tsetse genome, we
found that 11,524 sequences (3.8%) clustered with reads
from prokaryotes and thus were HGT candidates according
to Tsetse+Prokaryotes-BLSOM (Figure 2). These sequences
were distributed across 2,960 different contigs, correspond-
ing to 30.48% of all contigs. We assigned the most sequences
to the phylum Firmicutes (n = 758), followed by the phyla
Bacteroidetes (n = 370), Alphaproteobacteria (n = 90), and
Gammaproteobacteria (n = 23) (Table 1). We did not assign
1,671 contigs to phyla owing in part to the presence of HGTs
frommultiple phyla within the same contig. It is also possible
that these candidateswere introduced by ancientHGTevents,
and their oligonucleotide compositions drifted over time
[30], limiting the use of composition-based methods for
classification.

We performed further characterisation of donor
sequences to the genus level using Genus-BLSOM (Figure 3).
The results of four dominant phyla are summarised in Table 2.
We assigned the most sequences to the genus Bacillus (n =
239).The secondmost highly represented origin was the class
Flavobacteria (n = 187), which we were unable to classify to
the genus level owing to coclustering with genome sequences
that lacked genus information, followed by the genera

http://www.genome.jp/tools/kaas/
http://www.genome.jp/kaas-bin/kaas_org
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Figure 2: Tsetse+Prokaryotes-BLSOM. (a) BLSOMusing the degenerate tetranucleotide set for the tsetse fly plus 5,600 identified prokaryotes.
Lattice points that include the sequences from the tsetse fly are indicated in green, those that contain no genomic sequences are indicated in
white, and those containing sequences from a prokaryote are indicated in blue. Lattice points that include both tsetse fly- and prokaryote-
sequences are shown in black. (b) Distribution of tsetse fly genome sequences. Only green lattice points are shown.

Table 1: Origins of HGT candidates at the phylum level.

Phylum Number of contigs
Actinobacteria 10
Alphaproteobacteria 90
Aquificae 2
Bacteroidetes 370
Betaproteobacteria 4
Crenarchaeota 1
Cyanobacteria 1
Epsilonproteobacteria 16
Euryarchaeota 12
Firmicutes 758
Fusobacteria 1
Gammaproteobacteria 23
Spirochetes 1
Unassigned 1,671
Total 2,960
Prediction was obtained using Tsetse+Prokaryotes-BLSOM.

Staphylococcus (n = 134), Enterococcus (n = 83), Wolbachia
(n = 56), Polaribacter (n = 37), and Listeria (n = 31). The
HGT candidates associated with the genera Wigglesworthia
and Sodalis, which are common endosymbionts of the tsetse
fly, were not detected using BLSOM. Most tsetse flies are
heavily infected with Wigglesworthia; its abundance reaches
over 99% in natural Gmm populations [10]. The lack of
genome sequences associated with Wigglesworthia may
support the high quality of tsetse fly genome sequences, since
some genome data are contaminated by symbiont genomes,
which can lead to the false-positive detection of HGT events
[31]. This result also suggests that the symbiosis between
Wigglesworthia and the tsetse fly was recent, as suggested by
its genome features [32]. Nonetheless, we cannot exclude the
possibility of bacterial genome contaminations in the tsetse
fly genome since diverse bacteria exist in tsetse fly [10] and
their sequences might not have been completely removed
during the genome assembly process.

The high frequency of HGT candidates from the genus
Bacillus suggests that there was a strong association between
the tsetse fly and Bacillus in the past. Members of the genus

Bacillus are ubiquitous in nature and have been isolated from
diverse environments such as water, soil, plants, animals,
and air [33]. Some species, such as Bacillus thuringiensis,
have been well studied as agents of biological control of
arthropods [34]. Kaaya and Darji infected several Bacillus
species, including B. thuringiensis, to the adult Gmm and
found that the mortality of Gmm was depending on the
bacterial species [35], indicating that some Bacillus species
may have infectedGmmpersistentlywithout adverse effect on
the hosts and served as HGT donors. In fact, in a microbiota
analysis of one tsetse fly species,Glossina fuscipes fuscipes, the
bacteria belonging to the genusBacilluswere found dominant
in a culture-dependent manner [36].

In contrast, there is no report on the relationship between
the tsetse fly and Flavobacteria, which was identified as a
second dominant donor of HGT candidates in this study
(Table 2). Flavobacteria are symbionts in several arthro-
pods [37–43], which indicates a high probability of the
proliferation of this group of bacteria in arthropod hosts
including tsetse fly. A comparative genome analysis of a
flavobacterial symbiont (Blattabacterium strain Bge) in the
omnivorous German cockroach (Blattella germanica) sug-
gested that it plays roles in nutrient supply to the host, amino
acid catabolism, and nitrogen excretion [41]. Flavobacterial
symbionts in the ladybird (Coleomegilla maculata), and
coccinellid beetle (Adonia variegata) induce male-killing [38,
39], in which male progeny in infected females die during
embryogenesis. This phenomenon is widely recognised in
other bacteria, such as Wolbachia, Rickettsia, Arsenophonus,
Spiroplasma, and Cardinium [44]. Hurst et al. proposed that
two male-killing symbionts cannot coexist at equilibrium
in a single host species based on an observational study of
the two-spot ladybird (Adalia bipunctata) infected with two
symbionts, Rickettsia and Spiroplasma [39]. The presence of
Wolbachia in the tsetse fly andHGTelements fromWolbachia
in the tsetse fly genome [12, 13] may explain the absence of
Flavobacteria in current tsetse fly populations.

3.2. HGT Candidates Derived from Wolbachia. We per-
formed a BLASTn analysis to detect HGT candidates derived
from Wolbachia. For 38 contigs, we detected sequence
homology with Wolbachia sequences based on the criteria
described earlier. Of these 38 contigs, we identified 36 as



BioMed Research International 5

0 679

i

0

212

j

(a)

0 368

i

0

148

j

(b)

0 213

i

0

111

j

(c)

0 244

i

0

88

j

(d)

0 717

i

0

277

j

(e)

0 1032

i

0

377

j

(f)

Figure 3: Genus-BLSOM. (a) Alphaproteobacteria. (b) Bacteroidetes. (c) Epsilonproteobacteria. (d) Euryarchaeota. (e) Firmicutes. (f)
Gammaproteobacteria. Lattice points that include sequences frommore than one genus are indicated in black, those including no sequences
are indicated in white, and those including sequences from a single genus are indicated in individual color.

HGT candidates from Wolbachia using BLSOM, while we
assigned the remaining two contigs to the genus Rickettsia
using BLSOM. Accordingly, we observed a high level of
agreement (36/38 = 94.7%) between the two approaches,
indicating that the analytical sensitivity of BLSOM is at least
comparable to that of BLASTn.These results also suggest that
the genetic elements derived from Wolbachia were recently
introduced to the tsetse fly genome. Based on a comparison
between the BLSOM and BLASTn results, we observed 20
contigs that were only identified as HGT candidates using
BLSOM.There may be as-yet unidentifiedWolbachia strains,
explaining the failure to identify HGT candidates based
on sequence homology. In fact, for short regions (i.e., 338,
492, 497, and 497 bp) of four contigs identified as HGT
candidates from Wolbachia only using BLSOM, we detected
sequence homology with aWolbachia endosymbiont ofGmm
(Accession number AWUH01000121) with an E-value of <1 ×
10−5.

Genetic elements related toWolbachia that were presum-
ably obtained by HGT have been detected in the genomes of
multiple arthropod species, including the adzuki bean beetle
(Callosobruchus chinensis) [45, 46], a fruit fly (Drosophila
ananassae) [47], parasitoid wasps (Nasonia spp.) [47], the

pea aphid (Acyrthosiphon pisum) [48], two mosquito species
(Aedes aegypti and Aedes mascarensis) [49, 50], and the
longicorn beetle (Monochamus alternatus) [51]. Some HGT
events could be explained by nuclear-phage recombination,
as proposed previously [49], but further studies are needed
to determine the specific mechanisms of transfer. Since
BLSOM can be used to detect Wolbachia-derived HGTs
that exhibit low sequence similarity with known Wolbachia
strains, it provides an alternative method with which to
explore the mechanisms of HGT. The application of BLSOM
to an increasing number of eukaryotic genomes will reveal
the diversity and frequency of Wolbachia-derived HGTs in
other arthropods, including vectors ofmedical and veterinary
importance.

3.3. Functional Classification of HGT Candidates. We
mapped all of the HGT candidates identified using
Tsetse+Prokaryotes-BLSOM (n = 11,524) to the KEGG
pathway. The KO included 317 biological pathways. The pre-
dicted pathways weremainly related to “Metabolic pathways”
(193 molecules), “Biosynthesis of secondary metabolites” (75
molecules), and “Biosynthesis of antibiotics” (50 molecules).
These results suggested that the HGT candidates have the
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Table 2: Origins of HGT candidates at the genus level.

Phylum Genus1 Number of contigs

Alphaproteobacteria

Anaplasma 4
Bartonella 8
Ehrlichia 1

Neorickettsia 8
Rickettsia 5
Wolbachia 56
Unassigned 8

Bacteroidetes

Bacteroides 4
Cytophaga 1
Dyadobacter 1
Flavobacteria2 187
Flavobacterium 12

Kordia 18
Leadbetterella 3

Mucilaginibacter 1
Paludibacter 9
Pedobacter 1
Polaribacter 37
Prevotella 10

Psychroflexus 4
Spirosoma 4
Unassigned 78

Firmicutes

Clostridium 4
Bacillus 239

Enterococcus 83
Epulopiscium 4
Erysipelothrix 1
Geobacillus 3
Lactobacillus 4
Lactococcus 1
Leuconostoc 17
Listeria 31

Lysinibacillus 7
Oenococcus 1
Paenibacillus 1
Peptoniphilus 1
Staphylococcus 134
Streptococcus 9

Thermoanaerobacter 3
Turicibacter 2
Veillonella 3
Unassigned 210

Gammaproteobacteria

Acinetobacter 4
Enterobacter 6
Escherichia 1
Haemophilus 1
Shewanella 1
Vibrio 1
Xylella 1

Unassigned 8
1Prediction was obtained using Genus-BLSOM. 2Classification to the class
level was obtained.

potential to affect a large number of metabolic activities;
however, further analyses are essential to demonstrate
the active transcription of HGT-acquired genes using

transcriptomics or gene-specific reverse transcription-PCR;
such analyses can provide initial evidence for the functional
importance of HGT-acquired genes [52]. In general, genes
transferred to host genomes are pseudogenised via the
acquisition of mutations, including insertions and deletions
[46, 52, 53]. Unfortunately, since we could not employ RNA
sequencing data into our analysis, it is not clear to what extent
the detected HGT candidates have been pseudogenised.
Nonetheless, active transcription of HGT-acquired genes has
been detected in recipient hosts, such as aWolbachia-derived
gene in the Aedes albopictus C6/36 cell line [54]. Moreover,
an increasing number of studies suggests that HGT-acquired
genes facilitate the establishment of obligate mutualistic
relationships between arthropods and their symbionts [55].
Analyses of the functional roles of HGT-acquired genes
may improve our understanding of the complex interactions
between the tsetse fly, microbes, and pathogens.

4. Conclusions

We investigated the use of BLSOM to detect HGT candidates
in the tsetse fly genome. Using BLSOM, we successfully
detected a number of HGT candidates from diverse bacterial
origins. The HGT candidates represented 3.8% of the tsetse
fly genome. The predicted donors of these HGT elements
includedWolbachia, a well-known symbiont of the tsetse fly.
In addition, using BLSOM, we identified HGT candidates
from bacteria that have not previously been associated with
the tsetse fly. We observed the HGT candidates from diverse
bacteria such as Bacillus and Flavobacteria, suggesting a
strong past association between these taxa. In a comparison
between BLASTn and BLSOM results for the detection of
HGT candidates from Wolbachia, the analytical sensitivity
of BLSOM was at least comparable to that of the sequence
homology-based approach. Furthermore, BLSOM can be
used to detect HGT elements from organisms with low
similarity with currently available sequences. These data
obtained using BLSOMprovide a basis for understanding the
coevolutionary history of the tsetse fly and its microbes.
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In the last decade vast data sets are being generated in biological and medical studies. The challenge lies in their summary,
complexity reduction, and interpretation. Correlation-based networks and graph-theory based properties of this type of networks
can be successfully used during this process. However, the procedure has its pitfalls and requires specific knowledge that often lays
beyond classical biology and includes many computational tools and software. Here we introduce one of a series of methods for
correlation-based network generation and analysis using freely available software. The pipeline allows the user to control each step
of the network generation and provides flexibility in selection of correlationmethods and thresholds.The pipeline was implemented
on publishedmetabolomics data of a population of human breast carcinoma cell lines MDA-MB-231 under two conditions: normal
and hypoxia. The analysis revealed significant differences between the metabolic networks in response to the tested conditions.
The network under hypoxia had 1.7 times more significant correlations between metabolites, compared to normal conditions.
Unique metabolic interactions were identified which could lead to the identification of improved markers or aid in elucidating
the mechanism of regulation between distantly related metabolites induced by the cancer growth.

1. Introduction

Advanced technology methods for high-throughput bio-
logical studies, such as metabolomics and transcriptomics
developed during the last decades, are successfully applied
in biomedical research [1], plant studies [2], and micro-
biology [3]. The wide use of these technologies led to
the accumulation of data on biological processes at their
multiple levels (metabolic, genetic, enzymatic, physiological,
phenotypical, etc.) and called for the development of tools
to ease the visualization, analysis, and interpretation of an
often complex and multidimensional matrix. Furthermore,
the readily available “omics” technologies in biological lab-
oratories prompted biologists to enter a field often needing
extensive computational knowhow and led to the increased
interest in biological interaction networks [4]. Thus, in the

recent decades networks describing cellular processes were
generated for human [5], yeast [6], and plants [7].

Networks can be presented as graphs, that is, a set of
vertices (V) connected by edges (E), and consequently can
be analyzed using graph theory, an approach that has been
increasingly implemented in biological studies during the
last decade. It is commonly accepted that graph theory as a
scientific discipline was first used by the Swissmathematician
Leonhard Euler in 1735-1736, tackling the Königsberg bridge
problem. Later, in the 19th and 20th centuries, graph theory
was formulated and eventually introduced for applied fields,
such as physics, computer science, and biology [8]. Today,
graph theory consists of many tens of basic definitions and
properties [9]. The understanding of the biological networks
lies in the nature of the vertices and edges between them; that
is, the vertices may represent one of the components of the
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three major molecular levels: genes, proteins, or metabolites,
while the edges between them represent gene coexpression,
protein-protein interactions, or biochemical conversions of
metabolites, respectively [10]. However, molecular networks
are not delimited to illustrate single-level component inter-
actions. They can also show cross-level interactions. Alter-
natively, and perhaps a little counterintuitive, a network may
incorporate vertices representing a set ofmetabolic reactions,
where the connection between a pair of vertices is established
if the reactions share one ormultiplemetabolites used or pro-
duced by these reactions [11, 12]. In other networks, vertices
represent a community of molecular components, especially
used with very vast data sets (>1000 of components) such as
in weighted gene coexpression network analysis (WGCNA).
Here, a single vertex delineates a module of genes and edges
between vertices represent the correlation between them.
This allows reducing the complexity of the network and
simultaneously retains most of the information used for
the interpretation of the gene coexpression results [13]. In
simple words, vertices and edges represent the information
as defined by the creator/user of the network.

In the last decade, correlation-based network analysis
(CNA) has become a popular data-mining tool for visualizing
and analyzing biological relationships within large data sets
[13, 14]. In this type of networks, vertices and edges rep-
resent molecular elements (e.g., metabolites or genes) and
their correlation coefficient (strength and sign), respectively
[10, 15, 16]. Edges inferred by correlation analyses reflect a
coordinated behavior between vertices across the data set
(treatments, genotypes, conditions, and time). The type of
correlation has to be selected based on the parametrical
distribution of the data. In large population studies, data has
to be tested for normality using existing tests, for example,
the Shapiro-Wilk test. The Pearson correlation should be
applied to normally distributed data, while Spearman’s rank
correlation should be used for data violating the assumption
of normal distribution. CNA was successfully applied to
various biological systems; it revealed, for example, metabolic
markers related to plant growth and biomass in Arabidopsis
thaliana recombinant inbred lines (RIL) and introgression
lines (IL) [17, 18], the role of geneCol5a2 inmyocardial infarc-
tion [19], effect of hypoxia on tumor cell biochemistry [20],
and recently, identification of genetically based mechanism
of the regulation of amino acid metabolism [2].

Graph theory defines a number of network properties
that allow successful analysis and interpretation of correlation
networks (CN). These properties are a set of measures that
describe the graph topology from different vantage points.
CNs are undirected graphs, reflecting the coordinated behav-
ior of two or more adjacent vertices (connected vertices) and
the biological components they represent and not the effect of
one vertex/component onto another, that is, a directed net-
work. Properties that may have biological significance have
been reviewed by Toubiana et al. [10]; they include (a) vertex
degree: the number of edges incident on a given vertex [21],
(b) centrality score: reflecting the number of shortest paths
between a vertex and any other vertex in the network, (c)
network diameter: themaximal shortest path between any two
vertices in the graph, (d) network density: the ratio of existing

edges to the number of all possible edges of a network,
(e) vertex betweenness centrality: the relative number of the
shortest paths between any two vertices that pass via a specific
vertex, and (f) modules: subgraphs, within a global network
characterized by higher connectivity (biologically interpreted
as possible tighter coordination) between their components
compared to other regions of the network. The analysis of
these modules within the obtained network helped in the
prediction of diseases [22, 23]. In this contribution we aim at
providing an easy-to-implement pipeline for the generation
of CNs for biologists without extensive computational skills.
To do so, we are demonstrating the potential use of CNs in
cancer studies.

Nowadays, there exist a number of software tools that
allow researchers to generate networks, visualize them, and
analyze their structure, via the calculation of a number of
network properties, based on their own experimental data.
Commonly known tools are Cytoscape [24], Gephi [25], and
iGraph [26]. Each software has its benefits and disadvantages.
For example, while iGraph requires programming skills and
knowledge of the R programming language syntax, graphical-
user-interface (GUI) based programs, such as Gephi and
Cytoscape, do not, simplifying the interaction with the user.
On the other hand, while script-based programs allow for the
extension of existing functions and integration of compatible
libraries, increasing the number of potential properties to be
calculated, GUI programs are bound to the functionalities of
the version of the software the researcher is using. However,
Cytoscape andGephi both offer a greater and easier-to-use set
of visualization tools for networks, whereas the visualization
functionalities of iGraph are rather limited and difficult to
handle. Cytoscape allows for the integration of externally
developed plugins, exerting functionality as desired by its
developer. However, this option requires knowledge of the
Java programming language and an understanding of how to
interface it with the Cytoscape software.

The current proposed stepwise pipeline allows the user
to control each step of the network creation, as it provides
flexibility in selection of correlation methods and thresholds
and describes easy-to-handle options to analyze the network
topology. The pipeline works irrespective of the nature of the
data set and can be implemented by a combined use of the
freely distributed Apache OpenOffice software (http://www
.openoffice.org/), built-in packageswithin theR-environment
[27], and Cytoscape [24].

2. Method

The construction of correlation-based networks starts form
the calculation of the pairwise correlation coefficients
between any two pairs of vectors of a given data set. One
of the easiest ways to complete this calculation in big sets
of data is to exploit the freely available R-software. There are
several packages developed for correlation analysis under the
R-environment. It is very important for the output matrix
to select the proper type of correlation coefficient (Pearson,
Spearman, Kendal, etc., represented as the letter “r”) and its
corresponding thresholds (r and p). We recommend using
the “psych” package under the R-environment [27, 28]. This

http://www.openoffice.org/
http://www.openoffice.org/
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package allows calculation of two diagonal matrices: (1) a
symmetric diagonal r-matrix and (2) a symmetric diagonal
p-matrix, where the lower triangle stores the 𝑝-values and
the upper triangle the multiple hypotheses corrected 𝑝-
values, corrected either by the Bonferroni correction or
by applying a false discovery rate (FDR) correction. The
obtained matrix with both r- and raw/adjusted 𝑝-values can
be then transformed to the table view and exported to any
spreadsheet software for a supervised selection of significant
correlation coefficients.The thresholds of significance should
be selected in respect to the nature and size of the data
and considering the general suggestions as described in the
introduction and elsewhere [29]. The selected significant
correlation values can be easily converted to a table, listing
in three columns the vertices that are adjacent to each other.
This table is subsequently used as a template to illustrate the
network using Cytoscape. We have chosen Cytoscape out of
the list of network software as it was specifically developed
for biological data, because of its intuitively understandable
interface, wide range of visualization options, and available
additional plugins for calculations of the main network
properties. The method’s workflow is presented in Figure 1.

2.1. Method Pipeline
2.1.1. Download R-Environment and Required R-Packages.
To start the workflow, first download and install the latest

version of R-environment from the following website:
https://www.r-project.org/. For the processes described here
two R-packages will be used: “psych” [28] and “reshape2”
[30]. Both packages are freely available for downloading via
the R-environment window. As mentioned above, the R-
environment is a freely available powerful statistical soft-
ware often used to analyze biological data. Its benefits
stem from the integration of various built-in functions and
libraries/packages, supplemented by its ability to complement
these by numerous externally developed packages and the
freedom to combine them as necessary. Often, different
packages offer different functions tackling the same task. For
example, to compute correlation coefficients, one may use
the core built-in function “cor” or the “rcorr” function of
the Hmisc-package [31]. For the current work we have cho-
sen specifically the “psych” package to perform correlation
analysis as it conveniently computes the 𝑟 coefficients and its
corresponding 𝑝 values and also performs post hoc tests to
correct for multiple hypothesis testing (MHT). The package
“reshape2” allows converting a matrix into a table and was
chosen for this work for its easy implementation.

2.1.2. Adjusting the AllocatedMemory. Before beginning with
the actual analysis, we recommend checking for the size of
virtual memory available for R and Cytoscape, considering
the potential large size of a data set. To do so for R under

https://www.r-project.org/
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Windows OS type memory.limit() and if the result is smaller
than the potential amount of your data set, increase the
memory by typing memory.limit(size = 4096). This step
allocates 4096 MB, equivalent to 4GB (maximal number for
32GB systems) of virtual memory, to the R-software. Unix-
based OS’s do not offer this function, as their virtual memory
management is dynamic, adjusting itself to new and existing
processes.

Similarly to the R-software the user may increase the
memory allocated to Cytoscape, if, for instance, the size of
a network is too large. Cytoscape is a Java-based software, so
the first step here will be to access the Configure Java option
via the Programs list. Next, select the Java tab in the displayed
window, click on View button, and type -Xms4096m into
the Runtime parameters line to allocated 4GB of memory to
the Cytoscape software. The amount of allocated memory is
editable.

2.1.3. Producing the Matrices (the R Code Necessary to Com-
plete the Steps Described below Can Be Found in Supplemen-
tary Figure 1). After the size of virtualmemory is set, the user
can start the pipeline according to the protocol presented in
Supplementary Figure 1 available online at http://dx.doi.org/
10.1155/2016/8313272 .The described protocol represents a set
of consequent commands (with an exception to the parallel
computation of the r- and 𝑝-valuematrices using the “psych”
package), where the execution of one step is dependent on the
former.

The output of the executed protocol will provide two
separate files that can be opened in spreadsheet software.
One of the files, “r table.csv,” will represent a table view of
the correlation matrix, and the second file, “p table,” will
represent the same table where r-values will be replaced by
the correspondent 𝑝 values. Probably the single disadvantage
of thismethod is the time of calculation that strongly depends
on number of the variables for the analysis and can be
problematic for large (more than 500 variables) data sets.
Nevertheless, the vast majority of metabolomics data sets
does not exceed this amount of variables and usually is much
smaller. Thus, the reader should not run into problems when
executing the above code.

The obtained files “r table.csv” and “p table.csv” can be
opened in any spreadsheet software (in our case OpenOffice).
The next step is to remove the first column in each file and
copy the rest to a newmultisheet file on separate sheets for the
r-values and the 𝑝-values, respectively. This step will provide
two tables with two identical columns with the names of the
variables, for example, metabolites/genes, and different third
column with r- and 𝑝-values, respectively. At this stage the
correlation threshold has to be selected.

2.1.4. Selection of Significant Interactions and Arrangement
of the Data to the Network Format Spreadsheet Software.
Correlation coefficients, r, are the determining elements in
CN construction; the threshold of acceptable 𝑟-value range
and the threshold of its statistical significance will greatly
affect the output of the network and its interpretation. The
significance of a correlation is a two-factor concept. The
first factor, the correlation coefficient (r), is expressed as

a value ranging from −1 to 1, where positive and negative
values represent a relation, alike or inverse, between the
changes in the measure of the two variables. The magnitude
of the coefficient reveals the strength of this relationship.
However, the reliability of the model also depends on a
second factor: the probability (p) of the detected r-values,
reflecting a true relation. This value ranges from 0 to 1
and depends to a great extent on the sample size [32] but
also on the experimental setup and the biological system of
study. The selection of the threshold for both values depends
largely on the researcher. It is trivial that 𝑟 = 1 (perfect
positive correlation) or 𝑟 = −1 (perfect negative correlation)
represent strong coordinated behaviors, while 𝑟 = 0 shows
the absence of a relation between the variables. But what
can be said about intermediate r’s? The “rule of thumb”
suggests that there is no absolute r-threshold and different
scientific disciplines apply different r-value thresholds. For
example, in biology, thresholds from as low as |±0.3| have
been proposed to be relevant, for example, for metabolic
data in tomato introgression lines seeds and fruits [33], while
in physics, an r-value lower than |±0.9| is often considered
insignificant. Usually r ≥ |±0.5| is considered as “strong” by
most of researches in biological systems [34]. The 𝑝-value
that reflects significance of a correlation is usually accepted
at three levels: 0.05, 0.01, and 0.001 [32]. However, since
correlation analysis is applied on large data sets, 𝑝-values
should usually be corrected by one of the post hoc tests for
MHT, such as the Bonferroni correction or the false discovery
rate (FDR) method, with the aim of avoiding false positives.

After both parameters of significance are decided, create
a new sheet and copy the first two columns from any of the
sheets (they are identical). In the first cell of the third column
input the following formula:

= if (and (abs (𝑋) > 𝑅, 𝑌 < 𝑃) , 1, 0) . (1)

In this formula 𝑋 is the value of the 1st cell in the “r values”
sheet; 𝑅 is the selected critical r-value; 𝑌 is the value of the 1st
cell in the “p values” sheet; 𝑃 is the selected critical 𝑝 value.
Expand this formula to the whole table. This will provide an
adjacency list that can be easily converted to the network
format for Cytoscape software. For this, input in the next
column following formula:

= if (𝑋 = 1, concatenate (𝑌, “ − ”, 𝑍) , “ ”) . (2)

In this formula 𝑋 is a number of 1st cell of the obtained
column (usually 3rd) on the current sheet; 𝑌 and 𝑍 are
the numbers of 1st cell in the 1st and 2nd column on the
current sheet, respectively. At this stage copy 1st, 2nd, and 4th
columns as the values to the new sheet, filter out and remove
rows with empty last cell, and save the obtained fully filled
three-column table in .txt tab delimited format.

This file can be imported as a network to the Cytoscape
software and analyzed using the built-in NetworkAnalyzer
plugin. To import the file run the Cytoscape and select
“import” from the main menu bar, then locate the previously
saved three-column file in .txt format, and import it as
“table” (Supplementary Figure 2). To run the plugin locate
NetworlAnalyzer in the Tool menu and execute “Analyze

http://dx.doi.org/10.1155/2016/8313272
http://dx.doi.org/10.1155/2016/8313272
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Network” (Supplementary Figure 3).The pluginwill calculate
the degree of vertices, vertex betweenness centrality, vertex
clustering coefficient, and edge betweenness. The obtained
parameters will be automatically added as attributes of
vertices and edges of the network and can be visualized
by customizable view options, including color, size, shape,
and thickness. Additionally, NetworkAnalyzer can check if a
vertex distribution of a network fits the power law, calculates
themain properties of the network topology, such as diameter
and global transitivity, and shows the average shortest path
and other useful parameters.

3. Results and Discussion

Hypoxia is one of the major features of solid tumors affecting
their development and treatment selection [35, 36]. The
simulation of hypoxia in cancer cells in vitro can be used
as a model study to understand the alteration of cancer
cell metabolism that supports tumor growth under hypoxic
conditions, the phenomena known as the “Warburg effect”
[20, 37–39].

In short, the experiment included MDA-MB-231 breast
adenocarcinoma cells that were incubated in 95% air and
5% CO2 at 37

∘C and 95% relative humidity and then were
transferred to normoxic (21% oxygen) conditions. After 24
hours cell culture was divided into two groups, and one
group was maintained under the normoxic condition, while
the second group was transferred to a specific vessel with
flow of gas containing 1% O2 and 5% CO2 balanced with N2
(hypoxic conditions).Next, GC-MSmetabolic profiling of the
two groups was performed [20].

Prior to network construction, we first elaborated the
published data, keeping uniquely identified metabolites only.
Considering the sample size (𝑛 = 30) and the relatively
large number of missing values in the data set, we decided
to use Spearman’s rank correlation with the thresholds 𝑟 ≥
| ± 0.7| and 𝑞FDR < 0.05. The applied procedure resulted
in two adjacent tables (control (c) and hypoxia (h)) (Supple-
mentaryData 1-2, control/hypoxia adjacent table resp. sheet)
that were loaded to Cytoscape and visualized as a network
(Figures 2(a) and 2(b), Supplementary Data 3). The simple
comparison of two graphs revealed that the normalmetabolic
network was smaller compared to the network under hypoxic
conditions. The differences in the number of vertices, V, were
not very high (V𝑐 = 19 versus Vℎ = 23, control versus hypoxia,
resp.), but the number of edges, 𝑒, differed significantly (𝑒𝑐 =
87 versus 𝑒ℎ = 144, control versus hypoxia, resp.).

In order to identify metabolites or metabolic interactions
specific to the hypoxic conditions, we used the “merge” tool
in Cytoscape, selecting the two data networks. The tool
gives multiple merging options visualizing either unique
or common edges between two (or more) networks (Sup-
plementary Data 3). The resulting merged graph displays
common links (the union, for this kind of comparisons
graph theory uses set-theory jargon). The comparison of the
original graphs with the merged one is done by the same
merging tool selecting the “difference” option and eventually
it generates a graph (difference graph) for each comparison

Table 1: The main properties of the networks with unique interac-
tions under control and hypoxia conditions, respectively.

Network name Density Diameter Transitivity
Unique interactions under
normal conditions (Figure 2(c)) 0.23 4 0.38

Unique interactions under
hypoxia conditions (Figure 2(d)) 0.36 3 0.63

based on unique edges and vertices of the selected condition.
The resulting difference graphs emphasize many condition-
specific relations between metabolites existing in the two
original networks (Figures 2(c) and 2(d)). The number of
vertices changed to V𝑐 = 16 and Vℎ = 22 for the control
and the hypoxic conditions, respectively, and number of
edges changed to 𝑒𝑐 = 27 and 𝑒ℎ = 84, respectively. Thus,
the gap (in folds) between the two 𝑒 values increased from
1.67 to 3.1. The increased number of edges under hypoxia
suggests the appearance of alternative metabolic routes to
sustain the cell metabolism. Hypoxia treatment is used to
mimic the conditions occurring in cancer cells because of
high “uncontrolled” growth rate. Here, the unique metabolic
relation identified could lead to the isolation of biochemical
steps/reactions or common regulatory mechanisms between
distantly related metabolites induced by the cancer growth
(hypoxia treatment). Eventually the potential to identify
markers defined as edges and not as vertices is significantly
higher; just consider that the potential number of edges in a
correlation (undirected) network with 𝑛metabolites can have
𝑛 ∗ (𝑛 − 1)/2 interactions.

We then applied the NetworkAnalyzer plugin to calculate
some of the topological properties of the networks such as
network density, diameter, and transitivity and vertex degree
and betweenness centrality (Tables 1, 2, and 3).

The results of the NetworkAnalyzer analysis of the net-
works topology suggested a reorganization of the metabolic
network under hypoxia. Thus, a smaller (3 versus 4, Table 1)
diameter, the longest shortest path between any two vertices
in the network, and a larger (0.63 versus 0.38, Table 1) transi-
tivity, the probability to form cliques in the network, suggest
that the reorganization of the metabolic network under
hypoxic conditions occurs via specific metabolites, namely,
Ala, creatinine, 2OG, Tyr, and citrate. They act as hubs
as they exhibit the greatest vertex degree and betweenness
centrality measures (Table 3). In contrast, the properties of
the network under normal conditions showed the topological
importance of lactate,Thr, andGABA inTable 2. Surprisingly,
lactate, the vertex with the highest betweenness centrality
under normal conditions (0.46, Table 2), is absent in the
hypoxia network (Figure 2(d)). This can be explained by
the fact that nonoxidative metabolism is induced under
stronger hypoxic conditions [20]. Alternatively, considering
that lactate production is an indicator of inhibited respiratory
[40], its absence in the correlation network under hypoxic
conditions can suggest a strong specific effect of hypoxia
on lactate irrespectively of other related metabolites. The
results of GC-MS analysis revealed almost 1.3 times increase
of lactate level under hypoxia compared to control conditions
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Figure 2: Correlation-based networks of metabolite data sets. (a) Original network under control conditions, (b) original network under
hypoxic conditions, (c) network of unique relationships under control conditions compared to hypoxic conditions, and (d) network of unique
relationships under hypoxic conditions compared to control conditions. Metabolic profiling of breast cancer cells under control and hypoxia
(30 samples each) was used for pairwise correlation analysis between metabolites and network-view production. The data used to generate
the network is from Kotze et al., 2013 [20]. Each vertex represents a metabolite; each edge represents a significant correlation between pairs
of metabolites across samples. Vertex colors reflect biochemical classes: amino acids and N-compounds (blue), sugars and sugar alcohols
(orange), and carboxylic acids (green). Vertex size reflects degree.

and support this suggestion [20]. Furthermore, the oxygen
deficient condition leads not only to the increased conversion
of glucose to lactate but also to the sharp suppression of citrate
production [41]. The results of the GC-MS showed almost
a twofold decrease in citrate levels under hypoxia compared
to the control conditions [20]. The replacement of lactate to
citrate in the metabolic network under hypoxic conditions,
the high centrality of citrate in the network according to
its vertex degree and betweenness centrality (Table 3), and
the appearance of the citrate-2OG edge suggest the shift

of citrate production from glucose oxidation to reductive
carboxylation of 2OG (Figures 2(c) and 2(d) andTable 3) [41].

Glycolytic activity is high in cancer cells under both
normal and hypoxic conditions. In the hypoxia network
glycolysis derived pyruvate is strongly correlated with a row
of biochemically related amino acids Ala, Asp, and Tyr, while
in the network under normal conditions these associations
were not detected (Figures 2(c) and 2(d)). Additionally,
the unexpected drop of the correlation between pyruvate
and GABA under hypoxia and the great centrality of Ala
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Table 2: The properties of the network of unique interactions
under normal conditions in the descending order according to
betweenness centrality. The compound class 1 represents amino
acids, 2 sugars and sugar alcohols, and 3 carboxylic acids.

Metabolite Compound class Degree Betweenness centrality
Lactate 3 10 0.460
Thr 1 8 0.255
GABA 1 7 0.224
Threitol 2 4 0.085
Putrescine 1 4 0.084
Met 1 3 0.065
Asp 1 3 0.015
Myo-inositol 2 3 0.015
Pyruvate 3 2 0.015
Fructose 2 2 0.000
Glucose 2 2 0.000
Glycerol 2 1 0.000
Lys 1 1 0.000
Malate 3 2 0.000
Tyr 1 1 0.000
Xylitol 2 1 0.000

Table 3: The properties of the network of unique interactions
under hypoxia conditions in the descending order according to
betweenness centrality. The compound class 1 represents amino
acids, 2 sugars and sugar alcohols, and 3 carboxylic acids.

Metabolite Compound class Degree Betweenness centrality
Ala 1 15 0.147
Creatinine 1 16 0.133
2OG 3 16 0.127
Tyr 1 13 0.113
Citrate 3 14 0.103
Pyruvate 3 11 0.060
Xylitol 2 11 0.037
Fructose 2 7 0.033
Threitol 2 6 0.010
Glycerol 2 8 0.006
Asp 1 8 0.005
Glucose 2 7 0.004
Met 1 6 0.004
Glu 1 7 0.003
Myo-inositol 2 7 0.003
Lys 1 4 0.001
Putrescine 1 3 0.001
GABA 1 1 0.000
Gly 1 1 0.000
Leu 1 2 0.000
Malate 3 3 0.000
Thr 1 2 0.000

in the hypoxia network should be noted. GABA can be
used in the transamination of pyruvate to produce alanine
and succinic semialdehyde. GABA also accumulates under

hypoxia in neurons of rats [42], and the present study shows
that the level of GABA increased 1.5 times under hypoxia
compared to control conditions [20]. Taken together these
results suggest the transamination of pyruvate toAla, possibly
via GABA. Alternatively pyruvate is converted to Ala via
alanine transaminase (ALT), involving Glu and 2OG (the
latter also exhibiting a high centrality in the network), which
act in a concerted action with aspartate transaminase (AST).
The AST/ALT ratio in the blood of a human or animal is
used in the diagnosis of liver damage or hepatotoxicity. By
emphasizing the tight interaction between pyruvate, Ala, and
Asp, our results likely show the metabolic reflection of a
toxic condition imposed on the cell by hypoxia. Last, Ala is
considered a marker of prostate [43] and breast [44] cancers
where it significantly accumulates. However, the results by
Kotze and coworkers did not reveal this in Ala level under
hypoxia. We hypothesize that the changes in content of
Ala might not be consistent between systems, while the
actual coordinated response of Ala with a few tightly linked
metabolites reflected within the network could potentially be
a better candidate.

4. Conclusions
The interpretation of the CNs shows the relevance of graph
theory in the analysis of biological data in general and
specifically in the works dedicated to metabolic and genetic
pathways. Implementing a network-based workflow using
previously published data, we show how the pipeline can
generate and visualize a network and how the network
analysis can be used in biological studies. The presented
pipeline aims at providing an easy to use but relatively
powerful tool for in silico analysis of experimental data.
The pipeline is not limited to metabolic data and can be
effectively applied to gene coexpression network analysis,
like the previously identified human disease-associated genes
[45], lethal genes combination in yeast, and others [46–
48]. This short essay exemplifies that the usage of CNs can
lead to biologically sound conclusions on metabolic pathway
regulation and original hypothesis generation without the
need for complex and capacity consuming approaches. That
said, CNs can be used as a part of top-down, complexity
reduction approach leading to insights in the search and
identification of marker genes or metabolites, respectively.
Having said that, we wish to emphasize that the quality of the
analysis more often than not depends on the design of the
experiment and the sampling strategy.
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With the rapid growth of biomedical literature, a large amount of knowledge about diseases, symptoms, and therapeutic substances
hidden in the literature can be used for drug discovery and disease therapy. In this paper, we present a method of constructing two
models for extracting the relations between the disease and symptom and symptom and therapeutic substance from biomedical
texts, respectively. The former judges whether a disease causes a certain physiological phenomenon while the latter determines
whether a substance relieves or eliminates a certain physiological phenomenon. These two kinds of relations can be further
utilized to extract the relations between disease and therapeutic substance. In our method, first two training sets for extracting the
relations between the disease-symptom and symptom-therapeutic substance are manually annotated and then two semisupervised
learning algorithms, that is, Co-Training and Tri-Training, are applied to utilize the unlabeled data to boost the relation extraction
performance. Experimental results show that exploiting the unlabeled data with both Co-Training and Tri-Training algorithms can
enhance the performance effectively.

1. Introduction

In recent years, with the rapid growth of biomedical literature,
the technology of information extraction (IE) has been
extensively applied to relation extraction in this literature, for
example, extracting the semantic relations between diseases,
drugs, genes, proteins, and so forth [1–3]. The related chal-
lenges (e.g., BioCreative II protein-protein interaction (PPI)
task [4], DDIExtraction 2011 [5], andDDIExtraction 2013 [6])
have been held successfully.

In our work, we focus on extracting the relations between
diseases and their symptoms and symptoms and their ther-
apeutic substances. These relations are defined the same as
those in [4–6] and also annotated at the sentence level. The
former is the relationship between a disease and its related
physiological phenomenon in a sentence. For example, the
sentence “many blood- and blood vessel-related character-
istics are typical for Raynaud patients: Blood viscosity and

platelet aggregability are high” shows that blood viscosity
and platelet aggregability are physiological phenomenon of
Raynaud disease.The latter is the relationship between a phys-
iological phenomenon and the therapeutic substance that can
relieve it in a sentence. For example, the sentence “fish oil
and its active ingredient eicosapentaenoic acid (EPA) lowered
blood viscosity” shows that fish oil and EPA can relieve the
physiological phenomenon (blood viscosity). These two kinds
of relations can be further utilized to extract the relations
between disease and therapeutic substance. As shown in the
above example, it can be assumed that fish oil and EPA may
relieve or heal Raynaud disease. Therefore, such information
is important for drug discovery and disease treatment. Cur-
rently, a large amount of knowledge on diseases, symptoms,
and therapeutic substances remains hidden in the literature
and needs to be mined with IE technology.

Generally, the methods of extracting the semantic rela-
tion between biomedical entities include cooccurrence-based
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methods [7], pattern-based methods [8], and machine learn-
ing methods [9]. Cooccurrence-based methods use frequent
cooccurrence to extract the relations between entities. This
method is simple and shows very low precision for high recall
[10]. Yen et al. developed a cooccurrence approach based
on an information retrieval principle to extract gene-disease
relationships from text [11]. Pattern-based methods define a
series of patterns in advance and use pattern matching to
extract the relations between entities. Huang et al. used a
dynamic programming algorithm to compute distinguish-
ing patterns by aligning relevant sentences and key verbs
that describe protein interactions [12]. Since templates are
manually defined, its generalization ability is not satisfactory.
Machine learning methods, the most popular ones, use clas-
sification algorithms to extract the relations between entities
from literature, such as support vector machine (SVM) [13],
maximum entropy [14], and Naive Bayes [15]. Among others,
kernel-based methods are widely used in relation extraction.
These methods define different kernel functions to extract
the relations between entities, such as graph kernel [16], tree
kernel [17], and walk path kernel [18].

The machine learning methods belong to the supervised
learning ones which need a large of labeled examples to train
the model. However, currently no corpuses for extraction of
disease-symptom and symptom-therapeutic substance rela-
tions are available. In addition, even if limited labeled data are
available, it is still difficult to achieve satisfactory generaliza-
tion ability for a classifier. To solve the problem, we first man-
ually annotated two training sets for extracting the relations
between the disease-symptom and symptom-therapeutic
substance and then introduced the semisupervised learning
methods to utilize the unlabeled data for training themodels.

Semisupervised learning methods attempt to exploit the
unlabeled data to help improve the generalization ability of
the classifier with limited labeled data. They can be roughly
divided into four categories, that is, generative paramet-
ric models [19], semisupervised support vector machines
(S3VMs) [20], graph-based approaches [21], and Co-Training
[22–27]. Co-Training was proposed by Blum and Mitchell
[22]. This method requires two sufficient and redundant
views which do not exist in most real-world scenarios. In
order to relax this constraint, Zhou and Li proposed a Tri-
Training algorithm that neither requires the instance space
to be described with sufficient and redundant views nor puts
any constraints on the supervised learning method [28]. The
algorithm uses three classifiers, which can not only tackle
the problem of determining how to label the unlabeled data,
but also improve generalization ability of a classifier with
unlabeled data.Wang et al. made a large number of studies on
Co-Training and proved that if two views have large diversity,
Co-Training is able to improve the learning performance by
exploiting the unlabeled data even with insufficient views
[23–25]. Until now, Tri-Training and Co-Training have been
widely used in natural language processing. Pierce andCardie
[26] applied Co-Training to noun phrase recognition. They
regarded the current word and the 𝑘 words which appear
before the current word in the document as a view and the 𝑘
words appear after the current word as another view and then
trained the classifiers on these two views with Co-Training

algorithm. Mavroeidis et al. [29] applied Tri-Training algo-
rithm to spam detection filtering and achieved a satisfactory
result.

Meanwhile, the ensemble learning methods have been
proposed, which combine the outputs of several base learners
to form an integrated output for enhancing the classification
performance. There are three popular ensemble methods,
that is, Bagging [30], Boosting [31], and Random Subspace
[32]. The Bagging method uses random independent boot-
strap replicates from a training dataset to construct base
learners and calculates the final result by a simple vote [30].
For Boosting method, the base learners are constructed on
weighted versions of training set, which are dependent on
previous base learners’ results and the final result is calculated
by a simple vote or a weighted vote [31]. The Random Sub-
space method uses random subspaces of the feature space to
construct the base learners [32].

In our method, we regard three kernels (i.e., the feature
kernel, graph kernel, and tree kernel whichwill be introduced
in the following section) as three different views. Co-Training
and Tri-Training algorithms are then employed to exploit
the unlabeled data with these views and build the disease-
symptommodel and symptom-therapeutic substance model.
Meanwhile, in the Tri-Training process, we adopted the
ensemble learning method to integrate three individual
kernels and achieved a satisfactory result.

2. Methods

2.1. Feature Kernel. The core work of the feature-based
method is feature selection which has a significant impact
on the performance. The following features are used in our
feature-based kernel.

(1) Word Feature. Word feature uses two disordered sets
of words which are between two concept entities (diseases,
symptoms, and therapeutic substances) and surrounding two
conceptual entities as the eigenvector.The features surround-
ing two concept entities’ names include the leftMwords of the
first concept entity name and the rightM words of the second
concept entity name (in our experiments,M is set to 4).

(2) N-Gram Word Feature. In our method, we use N-gram
(𝑁 = 1, 2, and 3 in our experiments) words from the left four
words of the first concept entity to the right four words of the
second concept as features. N-gram features enrich the word
feature and add contextual information, which can effectively
express the relation of concept entities.

(3) Position Feature.The relative position information ofword
feature and N-gram feature for the concept entities has an
important influence on relation extraction and, therefore,
is introduced into our method. For example, “E1 L feature”
denotes a word feature or N-gram feature appears in the left
of first concept entity; “E B feature” between two concept
entities; “E2 R feature” in the right of second concept entity.

(4) Interaction Word and Distance Features. Some words
such as “induce,” “action,” and “improve” often imply the
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Figure 1: An example of a dependency graph. The candidate interaction pair is marked as “ENTRY1” and “ENTRY2.”

existence of relations. Therefore, the existence of these words
(we called interaction words) is chosen as a binary feature. In
addition, we found that the shorter the distance between two
concept entities is, the more likely the two concept entities
have an interactive relationship. Therefore, the distance is
chosen as a feature. For example, “DISLessThanTree” is a fea-
ture value showing that the distance between the two concept
entities is less than three.

The initial eigenvector extracted with our feature-based
kernel has a high dimension and includes many sparse
features. In order to reduce the dimension, we employed the
document frequency method [33] to select features. Initially,
the feature-based kernel method extracts 248,000 features
from the disease-symptom training set and we preserved the
features with document frequencies exceeding five (a total
of 12,000 features). Similarly, 345,000 features were extracted
from the symptom-therapeutic substance training set and
13,700 features were retained.

2.2. Convolution Tree Kernel. In our method, convolution
tree kernel 𝐾𝑐(𝑇1, 𝑇2), a special convolution kernel, is used
to obtain useful structural information from substructure.
It calculates the syntactic structure similarity between two
parse trees by counting the number of common subtrees of
the two parse trees rooted by 𝑇1 and 𝑇2:

𝐾𝑐 (𝑇1, 𝑇2) = ∑
𝑛
1
∈𝑁
1
,𝑛
2
∈𝑁
2

Δ (𝑛1, 𝑛2) , (1)

where𝑁𝑗 denotes the set of nodes in the tree 𝑇𝑗 and Δ(𝑛1, 𝑛2)
denotes the number of common subtrees of the two parse
trees rooted by 𝑛1 and 𝑛2.

2.2.1. Tree Pruning in Convolution Kernel. In our method,
Stanford parser [34] is used to parse the sentences. Before a
sentence is parsed, the concept entity pairs in the sentence are
replaced with “ENTRY1” and “ENTRY2,” and other entities
are replaced with “ENTRY.” Take gene-gene interaction
between C0021764 and interleukin increases C0002395 risk

(the sentence is processed with MetaMap, and the two con-
cept entities are represented with their CUIs) for example. It
is replacedwith “gene-gene interaction between ENTRY1 and
interleukin increases ENTRY2 risk.” Then, we use Stanford
parser to parse the sentence to get a Complete Tree (CT).
Since a CT includes too much contextual information which
may introduce many noisy features, we used the method
described in [35] to obtain the shortest path enclosed tree
(SPT),and replace the CTwith it. SPT is the smallest common
subtree including the two concept entities, which is a part of
CT.

2.2.2. Predicate Argument Path. The representation of a
predicate argument is a graphic structure, which expresses the
deep syntactic and semantic relations between words. In the
predicate argument structure, different substructures on the
shortest path between the two concept entities have different
information. An example of a dependency graph is shown in
Figure 1. In our method, v-walk and e-walk features (which
are both on the shortest dependency paths) are added into
the tree kernel. V-walk contains the syntactic and semantic
relations between two words. For example, in Figure 1, the
relation between “ENTRY1” and “interleukin” is “NMOD”
and the relation between “risk” and “increases” is “OBJ,” and
so forth. E-walk contains the relations between a word and
its two adjacent nodes. Figure 1 shows the relation of “inter-
leukin” with its two adjacent nodes “NMOD” and “NMOD”
and the relation of “risk” with its two adjacent nodes
“NMOD” and “OBJ.”

2.3. Graph Kernel. The graph kernel method uses the syntax
tree to express a graph structure of a sentence. The similarity
of two graphs is calculated by comparing the relation between
two public nodes (vertices). Our method uses the all-paths
graph kernel proposed byAirola et al. [16].Thekernel consists
of two directed subgraphs, that is, a parse graph and a graph
representing the linear order of words. In Figure 2 the upper
part is the analysis of the structure subgraph and the lower
part is the linear order subgraph.These two subgraphs denote
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Figure 2: Graph kernel with two directed subgraphs. The candidate interaction pair is marked as “ENTRY1” and “ENTRY2.” In the
dependency based subgraph all nodes in a shortest path are specialized using a post-tag (IP). In the linear order subgraph possible tags
are (B)efore, (M)iddle, and (A)fter.

the dependency structure and linear sequence of a sentence,
respectively.

In our method, a simple weight allocation strategy is
chosen; that is, the edges of the shortest path are assigned a
weight of 0.9; other edges 0.3; all edges in the linear order sub-
graph 0.9.The representation thus allows us to emphasize the
shortest pathwithout completely disregarding potentially rel-
evant words outside of the path. A graph kernel calculates the
similarity between two input graphs by comparing the rela-
tions between common vertices (nodes). A graph matrix𝐺 is
calculated as

𝐺 = 𝐿
∞

∑
𝑛=1

𝐴𝑛𝐿𝑇, (2)

where 𝐴 is an edge matrix whose rows and columns are
indexed vertices.𝐴 𝑖𝑗 is a weight if edge𝑉𝑖 is connected to edge
𝑉𝑗. 𝐿 is the label matrix whose row indicates the label and col-
umn indicates the vertex. 𝐿 𝑖𝑗 = 1 indicates that vertex𝑉𝑗 con-
tains 𝑖th label. The graph kernel 𝐾(𝐺, 𝐺) is defined by using
two input graph matrices 𝐺 and 𝐺 [15].

𝐾(𝐺,𝐺) =
𝐿

∑
𝑖=1

𝐿

∑
𝑗=1

𝐺𝑖𝑗𝐺𝑖𝑗. (3)

2.4. Co-Training Algorithm. The initial Co-Training algo-
rithm (or standard Co-Training algorithm) was proposed by
Blum and Mitchell [22]. They assumed that the training set
has two sufficient and redundant views; namely, the set of
attributes meets two conditions. First, each attribute set is
sufficient to describe the problem; that is, if the training set is
sufficient, each attribute set is able to learn a strong classifier.
Second, each attribute set is conditionally independent of
the other given the class label. Our Co-Training algorithm is
described in Algorithm 1:

Algorithm 1 (Co-Training algorithm).

(1) Input is as follows:
The labeled data 𝐿 and the unlabeled data 𝑈
Initialize training set 𝐿1, 𝐿2 (𝐿1 = 𝐿2 = 𝐿)
Sufficient and redundant views: 𝑉1, 𝑉2
Iteration number: N

(2) Process is as follows:

(2.1) Create a pool 𝑢 of examples by choosing 𝑛
examples at random from 𝑈, 𝑈 = 𝑈 − 𝑢.

(2.2) Use 𝐿1 to train a classifier ℎ1 in 𝑉1.
Use 𝐿2 to train a classifier ℎ2 in 𝑉2.

(2.3) Use ℎ1 and ℎ2 to label the examples from u.
(2.4) Take𝑚 positive examples and𝑚 negative exam-

ples out, which were consistently labeled by ℎ1
and ℎ2. Then take 𝑝 positive examples out from
the𝑚 positive examples and add them to 𝐿1 and
𝐿2, respectively. Choose 2𝑚 examples from𝑈 to
replenish u, 𝑈 = 𝑈 − 2𝑚,𝑁 = 𝑁 − 1.

(2.5) Repeat the processes (2.2)–(2.4) until the unla-
beled corpora 𝑈 are empty or the number of
unlabeled data in 𝑢 is less than a certain number
or𝑁 = 0.

(3) Outputs are as follows:
The classifiers ℎ1 and ℎ2

2.5. Tri-Training Algorithm. The Co-Training algorithm
requires two sufficient and redundant views. However, this
constraint does not exist in most real-world scenarios. The
Tri-Training algorithm neither requires the instance space to
be described with sufficient and redundant views and nor
puts any constraints on the supervised learning algorithm
[28]. In this algorithm, three classifiers are used, which can
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Table 1: The details of two corpora.

Corpus Training set Test set Unlabeled data
Positive Negative Positive Negative Total

Diseases and symptoms 299 299 249 250 19,298
Symptoms and therapeutic substances 300 300 249 249 19,392

tackle the problem of determining how to label the unlabeled
data and produce the final hypothesis. Our Tri-Training
algorithm is described in Algorithm 2.

In addition, the different classifiers calculate the similarity
with different aspects between the two sentences. Combining
the similarities can reduce the danger of missing important
features. Therefore, in each Tri-Training round, two different
ensemble strategies are used to integrate the three classifiers
for further performance improvement.The first strategy inte-
grates the classifiers with a simple votingmethod.The second
strategy assigns each classifier with a different weight. Then
the normalized output 𝐾 of three classifier outputs 𝐾𝑚 (𝑚 =
1, 2, 3) is defined as

𝐾 =
𝑀

∑
𝑚=1

𝜎𝑚𝐾𝑚

𝑀

∑
𝑚=1

𝜎𝑚 = 1, 𝜎𝑚 ≥ 0, ∀𝑚,
(4)

where𝑀 represents the number of classifiers (𝑀 = 3 in our
method).

Algorithm 2 (Tri-Training algorithm).

(1) Input is as follows:
The labeled data L and the unlabeled data U
Initializing training set 𝐿1, 𝐿2, 𝐿3 (𝐿1 = 𝐿2 = 𝐿3 = 𝐿)
Selecting views: 𝑉1, 𝑉2, and 𝑉3
Iterations number: N

(2) Process is as follows:

(2.1) Create a pool 𝑢 of examples by choosing 𝑛
examples at random from 𝑈, 𝑈 = 𝑈 − 𝑢.

(2.2) Use 𝐿1 to train a classifier ℎ1 in 𝑉1.
Use 𝐿2 to train a classifier ℎ2 in 𝑉2.
Use 𝐿3 to train a classifier ℎ3 in 𝑉3.

(2.3) Use ℎ1, ℎ2, and ℎ3 to label examples from 𝑢.
(2.4) Take𝑚 positive examples and𝑚 negative exam-

ples out, which were consistently labeled by
ℎ1, ℎ2, and ℎ3. Then take 𝑝1 positive examples
from the 𝑚 positive examples and add them to
𝐿1, 𝐿2, and 𝐿3, respectively; take 𝑝2 negative
examples from the𝑚 negative examples and add
them to 𝐿1, 𝐿2, and 𝐿3, respectively. Choose 2𝑚
examples from 𝑈 to replenish 𝑢, 𝑈 = 𝑈 − 2𝑚,
𝑁 = 𝑁 − 1.

(2.5) Repeat the processes (2.2)–(2.4) until the unla-
beled corpora 𝑈 are empty or the number of
unlabeled data in 𝑢 is less than a certain number
or𝑁 = 0.

(3) Outputs are as follows:
The classifiers ℎ1, ℎ2, and ℎ3

3. Experiments and Results

3.1. Experimental Datasets. In our experiments, the disease
and symptom corpus data was obtained through searching
Semantic MEDLINE Database [36] using 200 concepts cho-
sen from MeSH (Medical Subject Headings) with semantic
type “Disease or Syndrome.” Since these sentences (corpus
data) have been processed by SemRep [37], a natural language
processing tool based on the rule to identify relationship
in the MEDLINE documents, the possibility of the relation
between the two concept entities in the sentences is high. To
limit the semantic types of two concept entities in a sentence,
we only preserved the sentences containing the concepts of
the needed semantic types (i.e., biologic function, cell function,
finding, molecular function, organism function, organ or tissue
function, pathologic function, phenomenon or process, and
physiologic function). Finally, we obtained a total of about
20,400 sentences from which we manually constructed two
labeled datasets as the initial training set 𝑇initial (598 labeled
sentences as shown in Table 1) and test set (499 labeled
sentences), respectively.

During the manual annotation, the following criteria are
applied: the disease and symptom relationship indicates that
the symptom is a physiological phenomenon of the disease.
If an instance in a sentence semantically expresses the disease
and symptom relationship, it is labeled as a positive example.
As in the example provided in Section 1, the sentence “many
blood- and blood vessel-related characteristics are typical for
Raynaud patients: blood viscosity and platelet aggregability
are high” contains two positive examples, that is, Raynaud
and blood viscosity and Raynaud and platelet aggregability. In
addition, some special relationships such as “B in A” and “A
can change B” are also classified as the positive examples since
they show a physiological phenomenon (B) occurs when
someone has the disease (A). However, if a relation in a
sentence is only a cooccurrence one, it is labeled as a negative
example. For the patterns such as “A is a B” and “A and B”
they are labeled as the negative examples since “A is a B” is
a “IS A” relation and “A and B” is a coordination relation,
which are not the relations we need.

The symptom-therapeutic substance corpus data was
obtained as follows. First, some “Alzheimer’s disease” related
symptom terms were obtained from the Semantic MEDLINE
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Database. Then these symptom terms were used to search
the database for the sentences which contain the query terms
and terms belonging to the semantic types of therapeutic
substance (e.g., pharmacologic substance and organic chemi-
cal). We obtained about 20,500 sentences and then manually
annotated about 1,100 sentences as the disease-symptom
corpora: 600 labeled sentences are used as the initial training
set and the remaining 498 labeled sentences as the test set.
Similar to the disease and symptom relationship annotation,
the following criteria are applied: the symptom-therapeutic
substance relationship indicates that a therapeutic substance
can relieve a physiological phenomenon. If an instance in
a sentence semantically expresses the symptom-therapeutic
substance relationship, it is labeled as a positive example. As
in the example provided in Section 1, the sentence “fish oil
and its active ingredient eicosapentaenoic acid (EPA) lowered
blood viscosity” contains two positive examples, that is, fish oil
and blood viscosity and EPA and blood viscosity.

When the manual annotation process was completed,
the level of agreement was estimated. Cohen’s kappa scores
between each annotator of two corpora are 0.866 and 0.903,
respectively, and content analysis researchers generally think
of aCohen’s kappa scoremore than 0.8 as good reliability [38].
In addition, the two corpora are available for academic use
(see Supplementary Material available online at http://dx.doi
.org/10.1155/2016/3594937).

3.2. Experimental Evaluation. The evaluation metrics used
in our experiments are precision (P), recall (R), F-score (F),
and Area under Roc Curve (AUC) [39]. They are defined as
follows:

𝑃 = TP
TP + FP (5)

𝑅 = TP
TP + FN (6)

𝐹 = 2 ∗ 𝑃 ∗ 𝑅𝑃 + 𝑅 (7)

AUC =
∑𝑚+𝑖=1∑

𝑚
−

𝑗=1𝐻(𝑥𝑖 − 𝑦𝑗)
𝑚+𝑚−

, (8)

where TP denotes true interaction pair; TN denotes true
noninteraction pair; FP denotes false interaction pair; and
FN denotes false noninteraction pair. F-score is the balanced
measure for quantifying the performance of the systems. In
addition, the AUC is also used to evaluate the performance of
our method. It is not affected by the distribution of data, and
it has been advocated to be used for performance evaluation
in the machine learning community [40]. In formula (8),𝑚+
and 𝑚− are the numbers of positive and negative examples,
respectively, and 𝑥1, . . . , 𝑥𝑚

+
are the outputs of the system for

the positive examples, and 𝑦1, . . . , 𝑦𝑚
−
are the ones for the

negative examples. The function𝐻(𝑟) is defined as follows:

𝐻(𝑟) =
{{{{
{{{{
{

1, 𝑟 > 0
0.5, 𝑟 = 0
0, 𝑟 < 0.

(9)

Table 2:The initial results on the disease-symptom test set. Method
1 integrates three classifiers (the feature kernel, graph kernel, and tree
kernel) with the same weight while Method 2 integrates them with
a weight ratio of 4 : 4 : 2.

Method 𝑃 𝑅 𝐹-score AUC
Feature kernel 91.38 62.11 73.95 87.13
Graph kernel 93.87 59.77 73.04 87.21
Tree kernel 69.10 62.89 65.85 73.37
Method 1 92.05 63.28 75.00 89.47
Method 2 92.81 60.55 73.29 89.74

3.3. The Initial Performance of the Disease-Symptom Model.
Table 2 shows the performance of the classifiers on the initial
disease-symptom test set. Feature kernel and graph kernel
achieve almost the same performance which is better than
that of tree kernel. When the three classifiers are integrated
with the sameweight, the higher F-score (75.00%) is obtained
while, when they are integrated with a weight ratio of 4 : 4 : 2,
the F-score is a bit lower than that of feature kernel. However,
in both cases, the AUC performances are improved, which
shows that since different classifiers calculate the similarity
with different aspects between two sentences, combining
these similarities can boost the performance.

3.3.1.The Performance of Co-Training on theDisease-Symptom
Test Set. In our method, the feature set for the disease-
symptom model is divided into three views: the feature
kernel, graph kernel, and tree kernel. In Co-Training exper-
iments, to compare the results of each combination of two
views, the experiments are divided into three groups as shown
in Table 3. Each group uses same experimental parameters;
that is, u = 4,000, m = 300, and p = 100 (u, m, and 𝑝 in
Algorithm 1). The performance curves of different combina-
tions are shown in Figures 3, 4, and 5, respectively, and their
final results with different iteration times (13, 27 and 22, resp.)
are shown in Table 3.

From Figures 3, 4, and 5, we can obtain the following
observations. (1) With the increase of the iteration time
and more unlabeled data added to the training set, the F-
score shows a rising trend. The reason is that, as the Co-
Training process proceeds, more and more unlabeled data
are labelled by one classifier for the other, which improves
the performance of both classifiers. However, after a number
of iterations, the performance of the classifiers could not be
improved any more since too much noise (false positives and
false negatives) may be introduced from the unlabeled data.
(2)The AUC of classifiers have different trends with different
combinations of the views. The AUC of the feature kernel
fluctuate around 88% while the ones of the graph kernel fluc-
tuate between 85% and 87%. In contrast, all of the tree kernel’s
AUC have a rising trend since the performance of the initial
tree kernel classifier is relatively low and then improved with
the relatively accurate labelled data provided by feature kernel
or graph kernel.

In fact, the performance of semisupervised learning
algorithms is usually not stable because the unlabeled exam-
ples may often be wrongly labeled during the learning

http://dx.doi.org/10.1155/2016/3594937
http://dx.doi.org/10.1155/2016/3594937
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Figure 3: Co-Training performance curve of feature kernel and graph kernel on the disease-symptom test set.
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Figure 4: Co-Training performance curve of feature kernel and tree kernel on the disease-symptom test set.
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Figure 5: Co-Training performance curve of graph kernel and tree kernel on the disease-symptom test set.
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Table 3:The results obtained with Co-Training on the disease-symptom test set. Combinationmethod integrates three classifiers (the feature
kernel, graph kernel, and tree kernel) with the same weight.

Combination View 𝑃 𝑅 𝐹-score AUC

Feature and graph kernel
Feature kernel 88.32 67.97 76.82 88.01
Graph kernel 83.26 71.88 77.15 87.54
Combination 74.91 85.16 79.71 88.66

Feature and tree kernel
Feature kernel 86.06 69.92 77.15 88.51
Tree kernel 57.80 92.58 71.17 74.99
Combination 75.08 87.11 80.65 87.18

Graph and tree kernel
Graph kernel 84.04 69.92 76.33 86.04
Tree kernel 58.10 95.31 72.19 78.10
Combination 82.43 76.95 79.60 86.84
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Figure 6: The Tri-Training performance on the disease-symptom test set.

process [28]. At the beginning of the Co-Training, the num-
ber of the noises is limited and unlabeled data added to the
training set can help the classifiers improve the performance.
However, after a number of learning rounds, more and more
noises introduced will cause the performance decline.

3.3.2. The Performance of Tri-Training on the Disease-
Symptom Test Set. In our method, we select three views to
conduct the Tri-Training, that is, the feature kernel, graph
kernel, and tree kernel. In each Tri-Training round, SVM is
used to train the classifier on each view. The parameters are
set as follows: u = 4,000,m = 300, 𝑝1 = 100, 𝑝2 = 0, and𝑁 =
27 (u, m, 𝑝1, 𝑝2, and𝑁 in Algorithm 2). Here 𝑝2 = 0 means
that only the positive examples are added into the training
set. In this way, the recall of the classifier can be improved (the
recall is defined as the number of true positives divided by the
total number of examples that actually belong to the positive
class and usually more positive examples in the training set
will improve the recall) since it is lower compared with the
precision (see Table 2). The results are shown in Table 4 and
Figure 6.

Table 4: The results obtained with Tri-Training on the disease-
symptom test set. Method 1 integrates three classifiers (the feature
kernel, graph kernel, and tree kernel) with the same weight while
Method 2 integrates them with a weight ratio of 4 : 4 : 2.

Method 𝑃 𝑅 𝐹-score AUC
Feature kernel 83.00 80.08 81.51 88.80
Graph kernel 77.74 85.94 81.63 89.80
Tree kernel 57.38 94.14 71.30 76.00
Method 1 79.79 87.89 83.64 91.57
Method 2 79.93 85.55 82.64 90.75

Compared with the performances of the classifiers on the
initial disease-symptom test set shown in Table 2, the ones
achieved through Tri-Training are significantly improved.
This shows that Tri-Training can exploit the unlabeled data
and improve the performance more effectively. The reason is
that, as mentioned in Section 1, the Tri-Training algorithm
can achieve satisfactory results while neither requiring the
instance space to be described with sufficient and redundant
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Figure 7: Co-Training performance curve of feature kernel and graph kernel on the symptom-therapeutic substance test set.

views nor putting any constraints on the supervised learning
method.

In addition, when three classifiers are integrated either
with the same weight or with a weight ratio of 4 : 4 : 2,
the higher F-scores and AUCs are obtained. Furthermore,
comparing the performance of Co-Training and Tri-Training
shown in Tables 3 and 4, we found that, in most cases,
Tri-Training outperforms Co-Training. The reason is that,
through employing three classifiers, Tri-Training is facilitated
with good efficiency and generalization ability because it
could gracefully choose examples to label and use multiple
classifiers to compose the final hypothesis [28].

3.4. The Performance of the Symptom and Therapeutic Sub-
stance Model. Table 5 shows the performances of the clas-
sifiers on the initial symptom-therapeutic substance test set.
Similar to the results on the initial disease-symptom test
set, the feature kernel achieves the best performance while
the tree kernel performs the worst. One difference is that
when the three classifiers are integrated with a weight ratio of
4 : 4 : 2, the higher F-score andAUC are obtainedwhile, when
they are integrated with the same weight, the F-score and
AUC are a little lower than those of feature kernel.

3.4.1. The Performance of Co-Training on the Symptom and
Therapeutic Substance Test Set. Similar to that in the disease-
symptom experiments, the feature set for the symptom-
therapeutic substance model is also divided into three views:
the feature, graph, and tree kernels. The experiments are
divided into three groups. Each group uses the same experi-
mental parameters; that is, u = 4,000, m = 300, and p = 100.
The performance curves of different combinations are shown
in Figures 7, 8, and 9 and their final results with different
iteration times (27, 26, and 9, resp.) are shown in Table 6.

From the figures, we can draw similar conclusions as from
the disease-symptom experiments. In most cases, the per-
formance can be improved through the Co-Training process

Table 5: The initial results on the symptom-therapeutic substance
test set.

Method 𝑃 𝑅 𝐹 AUC
Feature kernel 79.30 90.76 84.64 87.90
Graph kernel 76.27 90.36 82.72 87.30
Tree kernel 68.90 82.73 75.18 79.94
Method 1 75.99 92.77 83.54 87.59
Method 2 77.81 94.38 85.30 88.94

while they are usually not stable since noisewill be introduced
during the learning process.

3.4.2. The Performance of Tri-Training on the Symptom and
Therapeutic Substance Test Set. In the experiments of Tri-
Training on the symptom-therapeutic substance, the param-
eters are set as follows: u = 4,000,m = 300, 𝑝1 = 100, 𝑝2 = 0,
and𝑁 = 27 (u,m, 𝑝1, 𝑝2, and𝑁 in Algorithm 2). The results
are shown in Table 7 and Figure 10.

Compared with the performance of the classifiers on
the initial symptom-therapeutic substance test set shown in
Table 6, the ones achieved through Tri-Training are also
improved as in the disease-symptom experiments. This veri-
fies that the Tri-Training algorithm is effective in utilizing the
unlabeled data to boost the relation extraction performance
once again. When the three classifiers are integrated with a
weight ratio of 4 : 4 : 2, a better AUC is obtained.

Comparing the performance of Co-Training and Tri-
Training on the symptom-therapeutic substance test set as
shown in Tables 6 and 7, we found that, in most cases, Tri-
Training outperforms Co-Training, which is consistent with
the results achieved in the disease-symptom experiments.
This is due to the better efficiency and generalization ability of
Tri-Training over Co-Training.

In addition, the performances of the classifiers on the
disease-symptom corpus are improved more than those on
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Figure 8: Co-Training performance curve of feature kernel and tree kernel on the symptom-therapeutic substance test set.
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Figure 9: Co-Training performance curve of graph kernel and tree kernel on the symptom-therapeutic substance test set.
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Figure 10: The results of Tri-Training on the symptom-therapeutic substance test set.
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Table 6: The results obtained with Co-Training on the symptom-therapeutic substance test set.

Combination View 𝑃 𝑅 𝐹 AUC

Feature kernel and graph kernel
Feature kernel 78.00 93.98 85.25 88.41
Graph kernel 71.51 98.80 82.97 86.44
Combination 77.45 95.18 85.40 89.10

Feature kernel and tree kernel
Feature kernel 78.72 93.57 85.51 88.51
Tree kernel 67.13 97.59 79.54 81.75
Combination 77.51 96.79 85.66 88.61

Graph kernel and tree kernel
Graph kernel 74.14 95.58 83.51 87.71
Tree kernel 67.82 94.78 79.06 80.14
Combination 71.05 97.59 82.23 86.24

Table 7: The results of Tri-Training on symptom-therapeutic sub-
stance test set.

𝑃 𝑅 𝐹 AUC
Feature kernel 78.98 93.57 85.66 88.94
Graph kernel 74.31 97.59 84.37 87.78
Tree kernel 68.01 94.78 79.19 81.10
Method 1 74.77 98.80 85.12 88.08
Method 2 75.62 98.39 85.51 89.13

the symptom-therapeutic substance corpus. There are two
reasons for that. First, on the symptom-therapeutic substance
corpus, the classifiers have better performance.Therefore, the
Co-training and Tri-training algorithms have less room for
the performance improvement. Second, as the Co-training
and Tri-training process proceeds, more unlabeled data are
added into the training set, which could introduce new infor-
mation for the classifiers. Therefore, the recalls of the classi-
fiers are improved. Meanwhile, more noise is also introduced
causing the precision decline. For the initial classifiers, the
higher the precision is, the less the noise is introduced in the
iterative process, and the performance of the classifier would
be improved. As a summary, if the initial classifiers have big
difference, the performance can be improved through two
algorithms. In the experiment, when more unlabeled data
are added to the training set, the difference between the
classifiers becomes smaller.Thus, after a number of iterations,
performance could not be improved any more.

3.5. Some Examples for Disease-Symptom and Symptom-Ther-
apeutic Substance Relations Extracted from Biomedical Liter-
atures. Some examples for disease-symptom or symptom-
therapeutic substance relations extracted from biomedical
literatures are shown in Tables 8 and 9. Table 8 shows some
symptoms of disease C0020541 (portal hypertension). One
sentence containing the relation between portal hypertension
and its symptomC0028778 (block) is provided. Table 9 shows
some relations between the symptom C0028778 (block) and
some therapeutic substances, in which the sentences contain-
ing the relations are provided.

Table 8: Some disease-symptom relations extracted from biomedi-
cal literature.

Disease Symptom Sentence

C0020541
(portal
hypertension)

C0028778 (block) C0020541 as C2825142 of
intrahepatic C0028778
accounted for 83% of the
patients (C0023891 65%,
meta-C0022346 12%) and

C0018920 11%

C1565860
C0035357
C0005775
C0014867
C0232338

Table 9: Some symptom-therapeutic substance relations extracted
from biomedical literature.

Symptom Therapeutic
substance Sentence

C0028778
(block)

C0017302 (general
anesthetic agents)

Use-dependent conduction
C0028778 produced by

volatile C0017302

C0006400
(bupivacaine)

Epidural ropivacaine is
known to produce less

motor C0028778 compared
to C0006400 at anaesthetic

concentrations

C0053241
(benzoquinone)

In contrast, C0053241 and
hydroquinone led to

g2-C0028778 rather than to
a mitotic arrest

4. Conclusions and Future Work

Models for extracting the relations between the disease-
symptom and symptom-therapeutic substance are important
for further extracting knowledge about diseases and their
potential therapeutic substances. However, currently there is
no corpus available to train such models. To solve the prob-
lem, we firstmanually annotated two training sets for extract-
ing the relations. Then two semisupervised learning algo-
rithms, that is, Co-Training and Tri-Training, are applied to
explore the unlabeled data to boost the performance. Exper-
imental results show that exploiting the unlabeled data with
both Co-Training and Tri-Training algorithms can enhance
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the performance. In particular, through employing three
classifiers, Tri-training is facilitated with good efficiency and
generalization ability since it could gracefully choose exam-
ples to label and use multiple classifiers to compose the final
hypothesis [28]. In addition, its applicability is wide because it
neither requires sufficient and redundant views nor puts any
constraint on the employed supervised learning algorithm.

In the future work, we will study more effective semisu-
pervised learningmethods to exploit the numerous unlabeled
data pieces in the biomedical literature. On the other hand,
wewill apply the disease-symptom and symptom-therapeutic
substance models to extract the relations between diseases
and therapeutic substances from biomedical literature and
predict the potential therapeutic substances for certain dis-
eases [41].
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