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In the postgenomic era, the large-scale data, such as
genome sequences,mRNA sequences, and protein sequences,
increase rapidly. It is desired to develop the computational
approaches that can derive and analyze useful information
from them to promote the development of biomedicine and
drug design.Meanwhile, in order to understand how protein-
protein interactions and other complex interactions in a
living system get integrated in complex nonlinear networks
and regulate cell function, a new discipline, called “Systems
Biology”, is created.

In this special issue, 11 interesting studies were included.
Several novel computational methods for systems biology
were proposed for the first time and some intriguing biolog-
ical findings were reported in large scale experiments.

J. Cao and L. Xiong studied the protein sequence clas-
sification using the single hidden layer feed forward neural
network (SLFN). Two algorithms, the basic extreme learning
machine (ELM) and the optimal pruned ELM (OP-ELM),
were adopted as the learning algorithms for the ensemble
based SLFNs.Theirmethods outperformed back propagation
(BP) neural network and support vector machine (SVM).

Y. F. Gao et al. proposed a novel prediction method based
on drug and compound ontology information extracted from
ChEBI to identify drugs target groups, from which the
kind of functions of a drug may be deduced. Their overall
prediction accuracy on the training dataset was 83.12%, while
it was 87.50% on the test dataset. The study may become an
inspiration to solve the problems of this sort and bridge the
gap between ChEBI ontology and drugs target groups.

Z. Li et al. developed a computational method to pre-
dict retinoblastoma (RB) related genes. RB is the most
common primary intraocular malignancy usually occurring
in childhood. Their method was based on dagging, with
the maximum relevance minimum redundancy (mRMR)
method followed by incremental feature selection (IFS).
The RB and non-RB genes can be classified with Gene
Ontology enrichment scores and KEGG enrichment scores.
This method can be generalized to predict the other cancer
related genes as well.

Y. Jiang et al. proposed a method to identify gastric
cancer genes by first applying the shortest path algorithm
to protein-protein interaction network and then filtering the
shortest path genes based permutation betweenness. Many
identified candidate genes were involved in gastric cancer
related biological processes. Their study gives a new insight
for studying gastric cancer.

T. Zhang et al. proposed a computational method for
gene phenotypes prediction.Theirmethod regarded themul-
tiphenotype as a whole network which can rank the possible
phenotypes associated with the query protein and showed
more comprehensive view of the protein’s biological effects.
The performance of their method was better than dagging,
random forest, and sequential minimal optimization (SMO).

Q. Zou et al. reviewed the network based disease gene
identification methods, such as CIPHER, RWRH, Prince,
Meta-path, Katz, Catapult, Diffusion Kernel, and ProDiGe
and compared their performance. Some advices about soft-
ware choosing and parameter setting were provided. They
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also analyzed the core problems and challenges of these
methods and discussed future research direction.

G. S.V. McDowell et al. developed a bioinformatics
tool, Visualization and Phospholipid Identification (VaLID),
to search and visualize the 1,473,168 phospholipids from
the VaLID database. Each phospholipid can be gener-
ated in skeletal representation. VaLID is freely available
and responds to all users through the CTPNL resources
website at http://neurolipidomics.com/resources.html and
http://neurolipidomics.ca/.

X. Lai et al. proposed a systems biology approach
combining database-oriented network reconstruction, data-
drivenmodeling, andmodel-driven experiments to study the
regulatory role of miRNAs in coordinating gene expression.
They illustrate the method by reconstructing, modeling and
simulating the miRNA network regulating p21. Their model
can be used to study the effect of different miRNA expression
profiles and cooperative target regulation on p21 expression
levels in different biological contexts and phenotypes.

P. Cui et al. analyzed the genome-wide relationship
between chromatin features and chromatin accessibility in
DNase I hypersensitive sites. They found that these features
show distinct preference to localize in open chromatin.Their
study provides new insights into the true biological phenom-
ena and the combinatorial effects of chromatin features on
differential DNase I hypersensitivity.

L. Zhu et al. sequenced the transcriptome of Sophora
japonica Linn (Chinese scholar tree), a shrub species belong-
ing to the subfamily Faboideae of the pea family Fabaceae.
Approximately 86.1 million high-quality reads were gener-
ated and assembled de novo into 143010 unique transcripts
and 57614 unigenes. The transcriptome data of S. japonica
from this study represents first genome-scale investigation of
gene expressions in Faboideae plants.

Y. Wang et al. characterized the microsatellite pattern in
the V. volvacea genome and compared it with microsatellites
found in the genomes of four other edible fungi: Coprinopsis
cinerea, Schizophyllum commune, Agaricus bisporus, and
Pleurotus ostreatus. A total of 1346 microsatellites have been
identified with mononucleotides, the most frequent motif.
Their analysis suggested a possible relationship between the
most frequent microsatellite types and the genetic distance
between the five fungal genomes.

With the current exponential increase of biological and
biomedical high-throughput data generated, in the future
we will see how methodologies like the ones described in
this special issue become absolutely necessary. But further-
more we need to know how methodologies pertaining data
analysis, network reconstruction, and modeling get together
(a) to make possible the integration of massive, multiple-
type quantitative high-throughput data and (b) to understand
how cell phenotypes emerge from large, multilevel and
structurally complex biochemical regulatory networks.

Yudong Cai
Julio Vera González

Zengrong Liu
Tao Huang
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Precisely classifying a protein sequence from a large biological protein sequences database plays an important role for developing
competitive pharmacological products. Comparing the unseen sequence with all the identified protein sequences and returning
the category index with the highest similarity scored protein, conventional methods are usually time-consuming. Therefore, it
is urgent and necessary to build an efficient protein sequence classification system. In this paper, we study the performance of
protein sequence classification using SLFNs. The recent efficient extreme learning machine (ELM) and its invariants are utilized
as the training algorithms. The optimal pruned ELM is first employed for protein sequence classification in this paper. To further
enhance the performance, the ensemble based SLFNs structure is constructed where multiple SLFNs with the same number of
hidden nodes and the same activation function are used as ensembles. For each ensemble, the same training algorithm is adopted.
The final category index is derived using themajority votingmethod. Two approaches, namely, the basic ELM and the OP-ELM, are
adopted for the ensemble based SLFNs. The performance is analyzed and compared with several existing methods using datasets
obtained from the Protein Information Resource center. The experimental results show the priority of the proposed algorithms.

1. Introduction

Protein sequences (also known as polypeptides) are organic
compounds made of amino acids arranged in a linear chain
and folded into a globular form. The amino acids in a
polymer chain are joined together by the peptide bonds
between the carboxyl and amino groups of adjacent amino
acid residues. The sequence of amino acids in a protein is
defined by the sequence of a gene, which is encoded in
the genetic code. As shown in Figure 1, a gene is any given
segment along the deoxyribonucleic acid (DNA) that encodes
instructions which allow a cell to produce a specific product.
Typically, a protein such as an enzyme initiates one specific
action.

Due to the wide applications in clinical proteomics and
protein bioinformatics, protein sequence analyses have been
comprehensively studied in recent years, such as the work
presented by Barve et al. [1], Chen et al. [2], Cong et al. [3],
Machado et al. [4], Carregari et al. [5], and Liu et al. [6].

Protein sequence analysis generally helps to characterize
protein sequences in silico and allows the prediction of
protein structures and functions. Recent research has shown
that the comparative analysis of the protein sequences is
more sensitive than directly comparing DNA. Hence, a
number of protein sequence databases have been established
in the past decades, such as Protein Information Resource
(PIR) (http://pir.georgetown.edu/), Protein Data Bank (PDB)
(http://www.pdb.org/pdb/home/home.do), and Universal
Protein Resource (UniProt) (http://www.uniprot.org/).
Hence, it becomes an important and challenging task to
efficiently exploit useful information from the large protein
sequence dataset for both computer scientists and biologists.
As mentioned by Baldi and Brunak [7], protein sequence
classification plays an important role in protein sequence
analysis on the account of those protein sequence members
consisting of a same protein superfamily are evolutionally
related and functionally and structurally relevant to each
other. Precisely classifying a member protein sequence
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Figure 1: The DNA sequence of a gene encodes the amino acid
sequence of a protein.

into a superfamily protein would show the benefit that it
only needs to carry out some molecular analysis within
a particular superfamily instead of the analysis on all
the individual member protein sequences. Generally, two
protein sequences are classified into the same category if their
feature patterns extracted by sequence alignment algorithms
show high homology. Lots of alignment algorithms have
been proposed in the past few years to identify the class
of the unseen protein sequence based on comparing it
with some known protein sequences and calculating their
similarities, such as iPro-Class (http://pir.georgetown.edu/),
SAM (SAM: Sequence Alignment and Modeling Software
System, Baskin Center for Computer Engineering and
Science, http://www.cse.ucsc.edu/researchcompbio/), and
MEME (MEME: Multiple Expectation Maximization for
Motif Elicitation UCSD Computer Science and Engineering,
http://meme.sdsc.edu). However, it is a very time-costing
work to compare the testing protein sequence with all
the existing identified protein sequences, especially when
the database is large and the length of the unseen protein
sequence is long. Therefore, establishing an efficient and
intelligent classification system to exactly label the testing
protein sequence in a large database becomes urgent and
useful.

A number of methods have been developed for general
signal classifications based on the statistical theory in the
past decades, such as decision trees, statistical techniques,
support vector machine (SVM), and neural networks (NN).
Yang et al. [8] employed the word segmentation method for
feature extraction on the protein sequence and then utilized
the SVM for classification. Beside this, Caragea et al. [9] used
the hashing function to reduce the dimension of the protein
sequence feature vector and then performed classification
with SVM. Alternative to using the SVM method, neural
networks are another popular method for protein sequences
classification in terms of the following two reasons: (i) as
the features of protein sequences are generally distributed in
a high dimensional space with complex characteristics, it is
usually difficult to find a satisfactory model using the statis-
tical or parameterized approaches, and (ii) neural networks
are able to process the raw continuous values fed into the
model. A lot of research works based on neural networks for
protein sequences classification have been done in the last few
years, such as Wang et al. [10, 11] and Wang and Huang [12].
Wang et al. [10] proposed a modular radial basis function

(RBF) neural network classifier for the protein sequences
with improved classification criteria, and two heuristic rules
were presented for the decision-making to enhance the
classification reliability. A generalized radial basis function
(GRBF) neural network architecture that generates a set of
fuzzy classification rules was developed for protein sequences
classification by Wang et al. [11]. Most of the previous
papers in protein sequence classifications usually chose the
gradient based algorithm for neural networks, which are
time-consuming in general. Hence, a computationally effi-
cient tuning-free algorithmnamed extreme learningmachine
(ELM) for single hidden layer feedforward neural networks
(SLFNs), which was recently proposed by Huang et al. [13, 14]
and further improved by Huang et al. [15], was applied for
protein sequences classification by Wang and Huang [12].
The experimental results given byWang and Huang [12] have
shown that the ELM algorithm learns thousands times faster
than the conventional gradient based method (also known
as backpropagation (BP), which was developed by Levenberg
[16] and Marquardt [17]) with a higher classification rate in
protein sequences. To enhance the classification performance
and keep the training time in an acceptable level, a self-
adaptive evolutionary ELM (SaE-ELM) which utilized the
self-adaptive differential evolutionary to update the hidden
neuron parameters in the ELM neural network has been
presented in Cao et al. [18].

Although the basic ELM and its invariant SaE-ELM
have been employed and discussed for protein sequence
classification by Wang and Huang [12] and Cao et al. [18],
respectively, there are still a lot of rooms for improvements.
As presented and discussed by Wang and Huang [12],
although ELM learning is much faster than the conven-
tional BP algorithm on the protein sequence dataset, the
improvement of classification rate is relatively small. With
this objective, we study classification performance of protein
sequence based on recent improved ELM algorithms in
this paper. The contributions of the paper are threefold.
First, the recent robust and generic algorithm named the
optimal pruned ELM (OP-ELM) developed by Miche et al.
[19] is utilized for protein sequence classification in this
paper, where the multiresponse sparse regression (MRSR)
technique developed by Simila and Tikka [20] and the
leave-one-out (LOO) validation criterion are employed in
the OP-ELM for the selection of an appropriate number of
hidden neurons. Second, the ensemble based SLFNs network
structure is proposed and the majority voting method is
adopted to further enhance the protein sequence classifica-
tion performance. Third, both the basic ELM and the OP-
ELM are used as the training algorithms for each ensemble
in the new structure. Thus, two algorithms named the voting
based ELM (V-ELM) and the voting based OP-ELM (VOP-
ELM) are developed for protein sequence classifications. The
performance of all the proposed methods is analyzed using
the protein sequence database from the Protein Information
Resource (PIR) center. Simulations results are compared with
recent state-of-art algorithms, such as SVM by Hsu and Lin
[21], BP by Haykin [22], Marquardt [17], Levenberg [16], and
the original ELM by Huang et al. [13, 14, 23].
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Organizations of the rest of the paper are as follows. The
feature extraction method for biological protein sequence
data used by Wang et al. [10, 11] is reviewed in Section 2.
The data description of the protein sequences downloaded
from the PIR database is also introduced in this section. In
Section 3, the recent ELM and its improvedmethodOP-ELM
for protein sequence classification using single hidden layer
feedforward neural network are first given. The ensemble
based SLFNs structure combined with the majority voting
method is then proposed for protein sequence classification.
The original ELM and the OP-ELM are used as the learning
algorithms for each ensemble. Experimental results and
performance comparisons are given in Section 4. Discussions
and conclusions are drawn in Section 5.

2. Feature Extraction

As described by Wang et al. [10, 11], a protein sequence
is generally made from various combinations of 20 amino
acids with notations as Σ = {𝐴, 𝐶,𝐷, 𝐸, 𝐹, 𝐺,𝐻, 𝐼, 𝐾, 𝐿,𝑀,
𝑁,𝑃,𝑄, 𝑅, 𝑆, 𝑇, 𝑉,𝑊, 𝑌}. For protein sequence classifications,
the 𝑛-gram features with a pair of values (V

𝑚
, 𝑐
𝑚
) are

extracted as the input signals fed to a classifier, where V
𝑚

is the feature 𝑚 and 𝑐
𝑚

is the count of this feature in a
protein sequence with 𝑚 = 1, 2, . . . , 20

𝑛. For instance, the
2-gram features from the set Σ are all the combinations
as (𝐴𝐴,𝐴𝐶, . . . , 𝐴𝑌, 𝐶𝐴, 𝐶𝐶, . . . , 𝐶𝑌, . . . , 𝑌𝐴, 𝑌𝐶, . . . , 𝑌𝑌). A
feature is the number of occurrences of an amino within a
protein sequence. Taking a protein sequence 𝑉𝐴𝐴𝐺𝑇𝑉𝐴𝐺𝑇

as an example, the 2-gram features can be extracted and pre-
sented as {(𝑉𝐴, 2), (𝐴𝐴, 1), (𝐴𝐺, 2), (𝐺𝑇, 2), (𝑇𝑉, 1)}. Another
commonly used information for protein sequence feature
extraction is the 6-letter exchange group. That is, the 6

combinations of the letters from thewhole setΣ are formed as
A = {𝐻, 𝑅,𝐾}, B = {𝐷, 𝐸,𝑁,𝑄}, C = {𝐶},D = {𝑆, 𝑇, 𝑃, 𝐴, 𝐺},
E = {𝑀, 𝐼, 𝐿, 𝑉}, and F = {𝐹, 𝑌,𝑊}. Therefore, using the 6-
letter group, the above protein sequence 𝑉𝐴𝐴𝐺𝑇𝑉𝐴𝐺𝑇 can
be transformed asEDDDDEDDD and its 2-gram features are
{(DE, 1), (ED, 2), (DD, 5)}. Similar to the feature extraction
done byWang et al. [10, 11] andWang and Huang [12], we use
e
𝑛
and a
𝑛
to represent 𝑛-gram features from the 6-letter group

and the 20-letter set, respectively. Each set of 𝑛-gram features
from a protein sequence, that is, e

𝑛
and a
𝑛
, is scaled separately

to avoid skew in the counts value using the formula: 𝑥 =

(𝑥/(l−𝑛+1)), where𝑥 is the count of the generic gram feature,
𝑥 is the normalized 𝑥, which is the inputs of the classifiers, l
is the length of the protein sequence, and 𝑛 is the size of the
𝑛-gram features.

A 56-dimensional feature vector, extracted from a protein
sequence and comprised from 𝑛-gram features of the 6-letter
group represented as e

2
and the 20 letters set represented as

a
1
, is used as the input information of the classifiers. Two

protein sequence datasets with ten-super families (classes)
were obtained from the PIR databases and denoted as PIR1
and PIR2, respectively. There are 949 protein sequences
samples in PIR1 and 534 protein sequences samples in PIR2.
The details of the ten superfamilies to be classified are
Cytochrome c (113/17), Cytochrome c6 (45/14), Cytochrome

b (73/100), Cytochrome b5 (11/14), Triosephosphate iso-
merase (14/44), Plastocyanin (42/56), Photosystem II D2
protein (30/45), Ferredoxin (65/33), Globin (548/204), and
Cytochrome b6-f complex 4.2K (8/6), where the first digit in
the bracket denotes the number of the protein sequences in
the PIR1 database and the second digit represents the number
of the protein sequences in the PIR2 database, respectively.

3. Methodologies

3.1. SLFN for Protein Sequence Classification

3.1.1. Model Description of SLFN. For the supervised learning
in SLFNs, a dataset with input signal features and their
associated class category is generally available to train the
network parameters. Assuming that the available dataset is
A = {(x

𝑖
, 𝑡
𝑖
)}
N
𝑖=1

, where x
𝑖
, 𝑡
𝑖
, and N represent the feature

vector of the 𝑖th protein sequence, its corresponding category
index, and the number of protein sequences, respectively; a
single hidden layer feedforward neural network (SLFN) with
J nodes in the hidden layer can be expressed as

o
𝑖
=

J
∑

𝑗=1

w
𝑗
𝑔 (a
𝑗
, 𝑏
𝑗
, x
𝑖
) , 𝑖 = 1, 2, . . . ,N, (1)

where o
𝑖
is the output obtained by the SLFN associated with

the 𝑖th input protein sequence, and a
𝑗

∈ R𝑑 and 𝑏
𝑗

∈

R (𝑗 = 1, 2, . . . , J) are parameters of the 𝑗th hidden node,
respectively. The variable w

𝑗
∈ R𝑚 is the link connecting the

𝑗th hidden node with the output layer and 𝑔(⋅) is the hidden
node activation function. With all training samples, (1) can
be expressed in the compact form as

O = HW, (2)

where W = (w
1
,w
2
, . . . ,wJ) and O are the output weight

matrix and the network outputs, respectively. The variable
H denotes the hidden layer output matrix with the entry
H
𝑖𝑗

= 𝑔(a
𝑗
, 𝑏
𝑗
, x
𝑖
). To perform multiclasses classification,

SLFNs generally utilize the One-Against-All (OAA) method
to transform the classification application to a multioutput
model regression problem.That is, for aC-categories classifi-
cation application, the output label 𝑡

𝑖
of the protein sequence

feature vector x
𝑖
is encoded to a C-dimensional vector t

𝑖
=

(𝑡
𝑖1
, 𝑡
𝑖2
, . . . , 𝑡

𝑖C)
𝑇 with 𝑡

𝑖c ∈ {1, −1} (c = 1, 2, . . . ,C). If
the category index of the protein sequence x

𝑖
is c, then

𝑡
𝑖c is set to be 1 while the rest entries in t

𝑖
are set to be

−1. Hence, the objective of training phase for the SLFN in
(1) becomes finding the best network parameters set 𝑆 =

{(a
𝑗
, 𝑏
𝑗
,w
𝑗
)}
𝑗=1,...,J such that the following error cost function

is minimized:

min
𝑆

𝐸 = min
𝑆

‖O −T‖ , (3)

where T = (t
1
, t
2
, . . . , tN) is the target output matrix. The

most popular algorithm is the gradient descent basedmethod
where the network back-forward errors are used to iteratively
update the network parameters. However, the slow learning
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Given:
Training datasetA; number of hidden nodes J, activation function 𝑔(⋅)

(1) Randomly generate a
𝑗
and 𝑏
𝑗
for 𝑗 = 1, . . . , J;

(2) CalculateH;
(3) FindW according to (4).

Algorithm 1: ELM [14, 23].

speed and poor learning scalability limit their applications
in large datasets and high dimensional signals, such as the
protein sequence classification.

3.1.2. ELM. Alternative to iteratively tuning the network
parameters, extreme learning machine (ELM), which was
recently developed by Huang et al. [13, 14, 23], claims that
random hidden node parameters can be utilized for SLFNs
and the hidden node parameters may not need to be tuned.
It was stated in Huang et al. [14] that a standard SLFN with
N hidden nodes using random input weights and biases and
the infinitely differentiable activation function can exactly
learnN arbitrary distinct samples. In such case, the system (2)
becomes a linear model and the network parameter matrix
can be analytically solved by using the least-square method.
That is,

W = H
†

T, (4)

where H† is the Moore-Penrose generalized inverse of the
hidden layer output matrix H given by Serre [24]. The
universal approximation property of the ELM theory by using
random input weights and biases is also presented in Huang
et al. [14] to support the algorithm.

In the following, a brief summary of the ELM algorithm
is given in Algorithm 1.

As illustrated through simulations given by Huang et al.
[14, 23, 25], Liang et al. [26], and Zhang et al. [27], utilizing
random hidden parameters in the training phase, ELM not
only learns thousand times faster than the BP algorithm
and its variants but also has a comparable generalization
performance as the conventional gradient descent based
methods and SVM.The protein sequence classification based
on ELM has been first studied by Wang and Huang [12]. The
experimental results obtained by Wang and Huang [12] have
shown that ELMperforms slight better than the BP algorithm
where the improvement of the successful testing classification
rate obtained by ELM is around 1%. But ELM runs thousand
times faster than BP.

3.1.3. OP-ELM. However, using randomhidden node param-
eters and the tuning-free learning framework in ELM may
also bring some issues. For example, the parameters may
not be the optimal one and redundant nodes may exist. To
address these issues and enhance the performance, many
invariants of ELM have been developed in the past several
years, such as considering the distribution of input dataset

done by Cao et al. [28] and utilizing the differential evo-
lutionary method for parameter optimization by Zhu et al.
[29] and Cao et al. [30]. One of the recent representative
improvementmethods named the optimal pruned ELM (OP-
ELM) is developed by Miche et al. [19] to prune the related
neurons with irrelevant variables. To get rid of unuseful
hidden nodes of ELM, OP-ELM combines the multiresponse
sparse regression (MRSR) by Simila and Tikka [20] with
the leave-one-out (LOO) validation method to rank hidden
neurons and to select the actual best number of neurons for
the model.

The MRSR technique is described as follows. Suppose
X = [x

1
. . . xm] ∈ Rn×m is the regressor and MRSR adds

each column of the regressor matrix one by one to the model
Y𝑙 = X𝛽𝑙, where Y𝑙 = [y𝑙

1
. . . y𝑙C] is the target approximation

of the model. At the 𝑙th step, the weight matrix 𝛽𝑙 has 𝑙

nonzero rows. A new nonzero row and a new column of the
regressor matrix are added to the model when increasing the
steps. With the MRSR method, the hidden neurons h

𝑖
which

are the rows of the hidden layer output matrixH are ranked.
For the details of MRSR, one can refer to the work presented
by Simila and Tikka [20].

To select the best number of neurons, the LOO vali-
dation method is introduced in OP-ELM. Employing the
PREdiction Sum of Squares (PRESS) statistics (presented by
Bontempi et al. [31] andMyers [32]), the LOOvalidation error
𝜀
PRESS is calculated as

𝜀
PRESS

=
𝑡
𝑖
− h
𝑖
𝛽

1 − h
𝑖
Ph𝑇
𝑖

, (5)

where P = (H𝑇H)
−1. Then, the appropriate number of

neurons for the model is taken by evaluating the LOO error
versus the used number of neurons. The OP-ELM can be
summarized in three steps as found in Algorithm 2.

3.2. Ensemble Based SLFNs for Protein Sequence Classification.
For both ELMandOP-ELM,we can find that the hidden node
parameters are randomly assigned once and never updated.
With a single SLFN training by ELM or OP-ELM on the
protein sequence dataset, the misclassification number of
samples may be high. To address this issue, we propose an
ensemble based structure of SLFNs for protein sequence clas-
sification. Since the original ELM enjoys a much fast training
speed for SLFN, it is feasible to employ multiple independent
SLFNs to predict the category index with the majority voting
method. Rather than relying on single realization of random
parameters in ELM, employing the ensemble method would
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(1) Utilize ELM to train the SLFN;
(2) Rank the hidden neurons of ELM by the MRSR method;
(3) Decide the proper number of neurons using the LOO validation error in terms of using (5).

Algorithm 2: OP-ELM [19].

Given:
Protein sequence datasetA; number of ensembles K

(1) Randomly generate K sets of hidden node parameters, train
each SLFN via ELM and obtain the corresponding output weight matrix;

(2) For each testing protein sequence xtest, obtain the estimated
category indexes for all K SLFNs constructed in Step 1, update (6);

(3) Decide the class label of xtest via (7).

Algorithm 3: V-ELM.

be able to reduce the misclassification number.The proposed
structure of the ensemble based SLFNs for protein sequence
classification is given in Figure 2.

As shown in Figure 2, instead of using a single SLFN,
multiple independent SLFNs where each one has the same
structure and the same hidden node activation function
are used. The protein sequence feature vectors are fed to
train each SLFN separately. Then, the final category index
of the testing sample is decided by majority voting among
all the results obtained by these SLFNs. It is apparent that
the gradient descent based methods are not suitable to adopt
here as the training algorithm for each SLFN. In general,
the training time cost by ensemble based SLFNs is linearly
increased with a proportion to the number of independent
ensembles. Since the conventional gradient descent methods
normally suffer from a long training time for the high dimen-
sional feature vectors and large sample sizes, the training
time increases dramatically when employing it for multiple
ensembles. Therefore, in this paper, we propose to use the
basic ELM and the recent OP-ELM as the training algorithm
for each SLFN for protein sequence classification as follows.

3.2.1. The Proposed Ensemble Based ELM. The voting based
ELM (V-ELM) developed by Cao et al. [33] is proposed for
protein sequence classification in this section. The details are
described as follows. We assume that K SLFNs are employed
as ensembles. In the first stage, K sets of hidden parameters
{(a𝑘
𝑗
, 𝑏
𝑘

𝑗
)
𝑗=1,...,J

}
𝑘=1,...,K

are randomly generated and the cor-

responding K sets of output weight matrix {W𝑘}
𝑘=1,...,K are

obtained with (4) using the protein sequence training dataset
A. In the second stage, for each trained ELM denoted as
𝑆
𝑘

= {(a𝑘
𝑗
, 𝑏
𝑘

𝑗
)
𝑗=1,...,J

,W𝑘}
𝑘=1,...,K

, the estimated category index

of the testing protein sequence sample xtest is obtained. For all
K ensembles, aC-dimensional vectorLK,xtest is used to store
all the results where if the category index derived by the 𝑘th

(𝑘 ∈ [1, . . . ,K])ELM is 𝚤, the value of the corresponding entry
𝚤 in the vectorLK,xtest is increased by one; that is,

LK,xtest (𝚤) = LK,xtest (𝚤) + 1. (6)

In the third stage, the final category index of xtest is deter-
mined via

ctest = arg max
𝚤∈[1,...,C]

{LK,xtest (𝚤)} . (7)

A proposition is also given by Cao et al. [33] to illustrate the
superiority of the V-ELM over the original ELM as follows.

Proposition 1 (see Cao et al. [33]). Given a standard SLFN
with J hidden nodes, an output function 𝑔(⋅) and a set of
training samples {(x

𝑖
, t
𝑖
)}
N
𝑖=1

assume that the probability of
correctly predicting the testing sample xtest using ELM under all
different possible hidden node parameters a and 𝑏 isPELM(c |

xtest). If the following inequality holds

PELM (c | xtest) > max {PELM (𝚤 | xtest)}
𝚤∈[1,...,C], 𝚤 ̸=C

, (8)

where PELM(𝚤 | xtest) is the probability that ELM classifies
xtest to category 𝚤 that is different from the class c, then, with
a sufficiently large independent training number K, V-ELM is
able to correctly classify xtest with probability one.

A brief summary of the proposed V-ELM for protein
sequence classification is described in Algorithm 3.

3.2.2. The Proposed Ensemble Based OP-ELM. Besides using
ELM as the training algorithm for each ensemble, we pro-
pose the voting based OP-ELM (VOP-ELM) for the protein
sequence classification in this section. For each ensemble, the
OP-ELM algorithm is incorporated as the training algorithm
instead of using the original ELM. Similar to V-ELM, each
SLFN ensemble is trained using the OP-ELM method on the
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Given:
Protein sequence datasetA; number of ensembles K

(1) Utilize OP-ELM to train each SLFN ensemble independently;
(2) For each testing protein sequence xtest, obtain the estimated

category indexes for all K SLFNs in Step 1, update (9);
(3) Decide the final class label of xtest using (10).

Algorithm 4: VOP-ELM.

Protein
sequence
feature

SLFN

SLFN

SLFN

...

Training with
same algorithm

Majority
voting

Output

Figure 2: Ensemble structure of SLFNs for protein sequence
classification.

protein sequence dataset A independently. After training,
the category index of each testing sample xtest by all the
K ensembles is obtained. Similar to (6), the C-dimensional
vectorLOP

K,xtest is updated via the following equation:

L
OP
K,xtest (𝚤) = L

OP
K,xtest (𝚤) + 1. (9)

Then, the final category index of the testing protein sequence
is obtained by

ctest = arg max
𝚤∈[1,...,C]

{L
OP
K,xtest (𝚤)} . (10)

A brief summary of the proposed VOP-ELM for protein
sequence classification is illustrated in Algorithm 4.

We can find that the proposed VOP-ELM would have
a better performance than the V-ELM for each ensemble.
Compared with V-ELM, the hidden neurons of each ensem-
ble in VOP-ELM are optimized using the OP-ELM given
in Section 3.1. However, the drawback of VOP-ELM is that
the cost training time may increase as for each SLFN in
VOP-ELM, theMRSR technique, and the LOO validation are
performed for hidden neurons selection.

4. Experimental Results

In this section, the classification results and discussions on
the protein sequence dataset from the Protein Information
Resource center are presented. We study the performance
in two scenarios. In the first scenario, the PIR1 dataset with
949 samples is fixed as the training dataset while the PIR2
dataset with 534 samples is used as the testing dataset. In the
second scenario, the PIR1 and PIR2 datasets are first mixed
together and then the training and testing datasets with

949 and 534 samples, respectively, are randomly generated
from the mixed dataset. For each protein sequence, a 56-
dimensional feature vector is extracted as introduced in
Section 2 and hence, the number of nodes in the input layer
of the SLFN is 56. The proposed ensemble based VOP-
ELM and V-ELM are implemented for the protein sequence
classifications. The OP-ELM developed by Miche et al. [19]
is also used for comparisons. To compare the classification
performance, the original ELM by Huang et al. [14, 23], one
of the fastest algorithms of the BP’s variants, namely, the
Levenberg-Marquardt method by Haykin [22], Levenberg
[16], and the SVM by Hsu and Lin [21], is employed for
the protein sequence classifications. Three different kernel
functions are used as the activation function in the SLFN and
SVM, which are the linear kernel function (denoted as L),
the sigmoid kernel function (denoted as S), and the Gaussian
kernel function (denoted as G), respectively. To maintain
the training time under an acceptable level, only K = 3

ensembles of SLFNs are used for VOP-ELM. However, for V-
ELM, K = 7 ensembles of SLFNs are employed due to that
the V-ELM utilizes the original ELM as training algorithm
and it learns much faster than OP-ELM. For the fairness
of comparison, all these simulations are executed in the
MATLAB 7.4 environment running on an ordinary PC with
3.0GHz CPU and 4.G RAMmemory. Simulations with SVM
are carried out using the compiled C-code SVM package:
Libsvm (http://www.csie.ntu.edu.tw/∼cjlin/libsvm/) running
in the same PC. For SVM, the cost parameter 𝑐 and the kernel
parameter 𝛾 are searched in a grid as proposed by Hsu and
Lin [21] and the best combination of these parameters is then
obtained in terms of the generalized performance. For all
these methods, multiple independent trials of simulation are
tested and the average results are reported in the paper. For
the BP method, 10 trials are used due to its long training
time while, for the rest approaches, 50 trials are utilized. The
number of hidden nodes for the BP method is 80. When
further increasing the number of the nodes, it usually runs
out of memory in our PC, which means the computational
complexity of the BP algorithm is very high when processing
the protein sequence. All the features of the protein sequence
are normalized within the region [−1, 1].

4.1. Performance on Fixed Training and Testing Datasets.
In this section, we fix the protein sequence PIR1 as the
training datasetwhile the protein sequence PIR2 is used as the
testing dataset. Table 1 shows the comparisons of the average
successful testing classification rate (Rate) and its standard
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Table 1: Successful testing classification rate and standard deriva-
tion (rate (%) ± Dev (%)) comparisons of different classifiers: fixed
protein sequence training dataset (pir1) and testing dataset (pir2),
where L, S, and G stand for the linear kernel, the sigmoid kernel,
and the Gaussian kernel, respectively.

Methods L S G
VOP-ELM 92.51 ± 0 92.64 ± 1.6 93.69 ± 0.89
V-ELM 87.45 ± 0.01 90.14 ± 0.71 90.46 ± 0.69
OP-ELM 91.39 ± 0.01 91.51 ± 1.0 92.28 ± 0.70
SVM 90.63 ± 0.01 90.63 ± 0.01 90.63 ± 0.01
BP 85.77 ± 0.42 88.39 ± 1.69 88.77 ± 1.35
ELM 85.39 ± 0 87.66 ± 1.2 87.80 ± 1.4

derivation (Dev) among multiple trials for all the classifiers.
Table 2 gives the corresponding training time cost by all the
classifiers and their comparisons.

As highlighted in the boldface in Table 1, the proposed
ensemble based VOP-ELM has the highest successful clas-
sification rate among all 6 approaches. It can be seen that
the proposed VOP-ELM offers an improvement of 7.12% and
1.12%, an improvement of 4.98%and 1.13%, an improvement
of 5.89% and 1.41% over the original ELM and the OP-
ELM by using the linear kernel L, the sigmoid kernel S,
and the Gaussian kernel G, respectively. The V-ELMmethod
performs better than the original ELM and BP in general.The
improvement of the classification rate obtained by V-ELM
over the original ELM is 2.06%, 2.48%, and 2.66% with the
linear kernel, the sigmoid kernel, and the Gaussian kernel,
respectively. But the performance of V-ELM is slightly worse
thanVOP-ELM,OP-ELM, and SVM. It is also worth pointing
out that, for all these approaches, using nonlinear kernels (the
S and G functions) generally achieves a higher recognition
rate than using the linear kernel. As expected, the original
ELM has the fastest training speed. As shown in Table 2,
the training phase of the original ELM can be finished less
than 1 second (s). It learns ten thousand times faster than BP,
thousand times faster than SVM and VOP-ELM (the S and
G kernels), and hundred times faster than OP-ELM (the S
andG kernels). In addition, the training time cost by V-ELM
is linearly proportional to the number of ensembles we have
used as compared to the training time by the original ELM.
With only 7 ensembles, the training phase of V-ELM still can
be finished within 1 second, as underlined in Table 1.

In general, a large number of SLFNs used as ensembles
usually guarantees a higher classification rate than using
a small number of SLFNs as ensembles, but the training
time also linearly increases. To illustrate this, three different
numbers of ensembles with K = 5, K = 7, and K =

15 are tested on different hidden nodes in each SLFN. The
performance is compared with the original ELM. Figures 3
and 4 depict the classification rate and training time of ELM
and V-ELM on using the protein sequence PIR1 as training
dataset and the PIR2 as the testing dataset. As demonstrated
in these two figures, the classification rate increases along
with the number of ensembles while the training time also
increases gradually. Even though, we can still verify from
Figure 4 that V-ELM can finish the training phase within
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Figure 3:The classification rates of ELM and V-ELMw.s.t. different
nodes on fixed training and testing protein sequence datasets.
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Figure 4: The training time of ELM and V-ELM w.s.t. different
nodes on fixed training and testing protein sequence datasets.

several seconds in general, whichmakes it acceptable for large
sample sizes protein sequence applications.The performance
of VOP-ELM with respect to (w.s.t) different numbers of
ensembles is not shown here. This is because when further
increasing the numbers of ensembles in VOP-ELM to 7 or
more, the training time jumps to hundreds or thousands
seconds. It will affect its feasibility of applications on large
protein datasets.

4.2. Performance onRandomlyGenerated Training andTesting
Datasets. In this experiment, the protein sequence datasets
PIR1 and PIR2 are first mixed into one file after the feature
extraction. Then, for each trial, 939 samples are randomly
generated from the whole dataset as the training dataset and
the rest samples are assigned to the testing dataset. Table 3



8 BioMed Research International

Table 2: Training time comparisons of different classifiers: fixed protein sequence training dataset (pir1) and testing dataset (pir2), where L,
S, and G stand for the linear kernel, the sigmoid kernel, and the Gaussian kernel, respectively.

Methods L S G
Training time (s) Speedup Training time (s) Speedup Training time (s) Speedup

VOP-ELM 5.5685 105.4 86.80 13.37 95.22 13.93
V-ELM 0.4590 1279.3 0.9020 1286.14 0.8680 1528.34
OP-ELM 1.8588 315.90 30.11 38.53 30.45 43.57
SVM 236.16 2.486 236.67 4.90 243.10 5.46
BP 587.20 1 1160.1 1 1326.6 1
ELM 0.0612 9594.8 0.0799 14519 0.0792 16750

Table 3: Successful testing classification rate and standard deriva-
tion (rate (%) ± Dev (%)) comparisons of different classifiers:
randomly generated training and testing datasets from the mixed
protein sequences, where L, S, andG stand for the linear kernel, the
sigmoid kernel, and the Gaussian kernel, respectively.

Methods L S G
VOP-ELM 97.30 ± 0.73 98.19 ± 0.70 98.68 ± 0.71
V-ELM 96.91 ± 0.71 97.75 ± 0.64 97.74 ± 0.59
OP-ELM 95.95 ± 0.29 96.42 ± 0.45 97.55 ± 0.55
SVM 97.17 ± 0.49 97.28 ± 0.63 97.33 ± 0.66
BP 94.93 ± 0.95 96.29 ± 0.85 95.54 ± 0.91
ELM 94.94 ± 0.75 96.72 ± 0.85 96.65 ± 0.63

lists the average successful testing classification rate and the
standard derivation of the 6 classifiers among all trials. The
training time for the 6 classifiers and their comparisons is
shown in Table 4.

From Table 3, it can be seen that the proposed VOP-ELM
wins the highest classification rate among all classifiers for
all 3 kernels. The VOP-ELM achieves the classification rates
of 97.30%, 98.19%, and 98.68% by using the linear, sigmoid,
andGaussian kernels, respectively.The improvements offered
by the VOP-ELM method over the original ELM, BP, and
OP-ELM are around 2.36%, 2.37%, and 1.35% with the
linear kernel, 1.47%, 1.90%, and 1.77% with the sigmoid
kernel, and 2.03%, 3.14%, and 1.13% with the Gaussian
kernel, respectively. The ensemble based V-ELM performs
slightly worse than the VOP-ELM. However, V-ELM is better
than the rest methods in general when using the nonlinear
kernels. Similar to the experiment in Section 4.1, for the
randomly generated training and testing protein sequences,
the classifier employing the nonlinear kernel functions (S and
G) generally outperforms using the linear kernel function (L).

As shown in boldface in Table 4, ELM is the fastest
method and the training phase of the protein sequence
dataset takes less than 1 second. However, the conventional
BP method takes more than 1 thousand seconds when
employing the linear and Gaussian kernels and more than
950 seconds when using the sigmoid kernel. The training
time cost by SVM is more than 270 seconds for all the three
kernels. Although the original ELM algorithm is employed by
the proposedVOP-ELMandOP-ELM, the cost training times
jump to dozens of seconds due to utilizing the framework of

searching the optimal hidden neurons and multiple ensem-
bles.With only using 7 ensembles in V-ELM, its training time
is at the comparable level as the original ELM (as underlined
in Table 4). The enhancement of classification rates obtained
by V-ELM over the original ELM is 1.94%, 1.03%, and 1.09%
for the linear, sigmoid, and Gaussian kernels, respectively.

To further study the performance of V-ELM w.s.t. the
number of ensembles, three different numbers of ensembles
K = 5, K = 7, and K = 15 are tested on the randomly
generated protein sequence datasets. The classification rates
and their corresponding training time are compared with the
original ELM by using the sigmoid kernel and the results are
depicted in Figure 5 and Figure 6, respectively. As illustrated
in these two figures, the classification rates obtained by
V-ELM gradually increase when the used ensembles are
increased from 5 to 15. All the results obtained by V-ELM
are better than the original ELM. Although the training times
also increase linearly along with the numbers of ensembles,
the training phase for V-ELM still can be finished less than
2 seconds, as shown in Figure 6. Similar to Section 4.1, the
performance of the proposed VOP-ELMw.s.t. the number of
ensembles is not studied in this section because when more
than 7 ensembles are used, the training time cost by VOP-
ELM will jump to hundreds or thousands seconds. For the
large protein sequence dataset, it may not be feasible.

From Tables 1 and 3, it is interesting to see that although
the number of samples used from training dataset is the same,
the classification rate obtained by using randomly generated
protein sequence training dataset is higher than the one by
fixing the PIR1 as the training dataset. The reason behind
this may be explained as follows. When fixing the PIR1 as
the training dataset, some families of the protein sequences
become an imbalance problem, such as the families of
Cytochrome c, Cytochrome c6, Triosephosphate isomerase,
and Globin as shown in Section 2. In such case, the testing
samples have a high risk to be misclassified. However, when
generating the training and testing dataset from the whole
pool, the samples have equal probability to be partitioned
into the training dataset and the testing dataset. Hence, the
classification model would be trained with a balance dataset,
which may result in a high testing rate.

4.3. Performance on Different Numbers of Ensembles. In
this section, we show the relationship between the number
of ensembles used in the proposed algorithms and the
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Table 4: Training time comparisons of different classifiers: randomly generated training and testing datasets from the mixed protein
sequences, where L, S, and G stand for the linear kernel, the sigmoid kernel, and the Gaussian kernel, respectively.

Methods L S G
Training time (s) Speedup Training time (s) Speedup Training time (s) Speedup

VOP-ELM 5.2799 266.44 83.55 11.38 92.00 12.43
V-ELM 0.6326 2223.83 0.6917 1374.51 0.9282 1232.17
OP-ELM 1.8627 755.24 30.93 30.74 32.59 35.09
SVM 278.35 5.05 284.30 3.34 272.41 4.2
BP 1406.8 1 950.75 1 1143.70 1
ELM 0.0746 18858 0.0861 11042 0.0983 11635
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Figure 5: The testing rates of ELM and V-ELM w.s.t. different
nodes on randomly generated training and testing protein sequence
datasets.

classification performance on the protein sequences. The
proper number of ensembles which should be adopted in the
proposed algorithms is also discussed in the section through
the simulations. In the experiments, the number of ensembles
is increased from 1 to 51 with an interval 2.The sigmoid kernel
is utilized for the experiments as the performance is similar
to the one using the other two kernels. The average testing
rate for each number of ensembles with 50 independent
trials is recorded for both the V-ELM algorithm and the
VOP-ELM method. The experiments are running using the
PIR1 as the training dataset only. For randomly generated
protein sequence dataset, we can find the similar trend of
the testing rate and training time on different numbers of
ensembles as the one using fixed training dataset. Therefore,
the performance on randomly generated training dataset is
not repeated here.

Figure 7 depicts the testing rate on different numbers of
ensembles for the fixed protein sequence training dataset
while Figure 8 shows its corresponding training time. As we
can find from Figure 7, the testing rate generally increases
when the number of ensembles is increasing for both two
algorithms. However, the increment is very small when the

number of ensemble is larger than 15. It is readily to see that
the improvements from using 1 ensemble to using 15 ensem-
bles are around 2.5% and 3.5% for V-ELM and VOP-ELM,
respectively. However, when further increasing the number
of ensembles from 15 to 51, the improvements of 51 ensembles
over 15 ensembles are only around 0.4% and 0.5%, respec-
tively. But the training increases dramatically, especially for
the VOP-ELM method. As shown in Figure 8, the training
cost by VOP-ELM with 51 ensembles is longer than 1500
seconds. In addition, the training time used for both the two
methods is proportional to the training time by the original
ELM and OP-ELM, respectively. The proportional rate is
related to the number of ensembles. Likewise, we can obtain
the similar performance when using randomly generated
training protein sequence dataset. Hence, considering both
the enhancement of the classification rate and the increment
of the training time, we suggest that the best choice of the
number ensembles for both V-ELM and VOP-ELM should
be less than 15.

5. Discussions and Conclusions

As demonstrated by the experimental results in Section 4,
the proposed ensemble based VOP-ELM has the highest
classification rate and outperforms V-ELM, OP-ELM, SVM,
BP, and the original ELM algorithms for the protein sequence
recognition.However, employingOP-ELM for each ensemble
also increases the training time of the VOP-ELM method,
as expected. Even though, VOP-ELM still learns much faster
than the conventional BP and the popular SVM.

The original ELM has the fastest training speed of the
SLFN model for the protein sequence classification problem
among all classifiers. However, the classification performance
on protein sequence by ELM is only comparable to the BP
method and worse than the proposed ensemble based VOP-
ELM and V-ELM, the OP-ELM, and SVM, in general. In
addition, using the linear kernel can reduce the training
time for some algorithms, such as the OP-ELM and the
VOP-ELM algorithms. But the classification rate also reduces
when employing the linear kernel as activation function.
For the rest of algorithms, the training time used by the
linear function is close to the one with the nonlinear kernels,
as shown in Tables 2 and 4, respectively. Hence, how to
choose the kernel function depends on the requirement of the
protein sequence applications.
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Figure 6: The training time of ELM and V-ELM w.s.t. different
nodes on randomly generated training and testing protein sequence
datasets.

Employing ELM as the training algorithm for each
ensemble, the developed V-ELM outperforms the original
ELM in general. The increment of V-ELM compared to
ELM is more than 1% using the fixed protein sequence
training dataset and is more than 2% using the randomly
generated protein sequence training dataset for all the 3
kernels, respectively. Although the training time by V-ELM is
longer than the one by ELM, the training phase for the protein
sequence dataset still can be finished less than 1 second.
Beside ELM, V-ELM can learn many times faster than the
rest of compared algorithms. For certain applications, such
as developing the online training model for protein sequence
analysis, the original ELM and the V-ELM algorithm would
be the best choices as researchers normally do a batch model
retraining by using the past dataset combined with the new
coming samples.

Therefore, as stated above, how to choose the proper
classifier for the protein sequence classification depends on
the requirements of the application. If only requiring the
high recognition rate, the proposed VOP-ELM is the best
choice. If the learning speed of the model for the protein
sequence is the only concern, the original ELM is the proper
classifier. However, if both the high classification rate and the
fast training speed are required, the developed V-ELM and
the existed OP-ELM should be used.

In conclusion, we have studied the protein sequence
classification problem based on SLFNs in this paper. The
existed OP-ELM has been first employed as the classifier.
Then, the ensemble based structure of SLFNs has been
proposed to enhance the performance of protein sequence
classification. Two algorithms, namely, V-ELM and VOP-
ELM, have been developed for protein sequence classifica-
tions by employing the original ELM and the OP-ELM to
train each ensemble, respectively. Experimental results on
the protein sequence datasets from the Protein Information
Resource center demonstrated thatVOP-ELMhas the highest
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recognition rate among all compared state-of-art methods
while the V-ELM outperforms the original ELM and BP but
maintains the training speed as comparable as the original
ELM. Moreover, to obtain a reasonable testing rate with an
acceptable training time for the ensemble based algorithms,
we have shown by simulations that the proper number of
ensemble should be chosen less than 15.
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Gastric cancer, as one of the leading causes of cancer related deaths worldwide, causes about 800,000 deaths per year. Up to now, the
mechanism underlying this disease is still not totally uncovered. Identification of related genes of this disease is an important step
which can help to understand the mechanism underlying this disease, thereby designing effective treatments. In this study, some
novel gastric cancer related genes were discovered based on the knowledge of known gastric cancer related ones. These genes were
searched by applying the shortest path algorithm in protein-protein interaction network. The analysis results suggest that some of
them are indeed involved in the biological process of gastric cancer, which indicates that they are the actual gastric cancer related
genes with high probability. It is hopeful that the findings in this study may help promote the study of this disease and the methods
can provide new insights to study various diseases.

1. Introduction

Gastric carcinogenesis is a multistep process involving
genetic and epigenetic alteration of protein-coding pro-
tooncogenes and tumor-suppressor genes. Gastric cancer
(GC) is the fourth most commonly diagnosed cancer and is
estimated to be the second most common cause of cancer
related death and causes about 800,000 deaths worldwide per
year [1, 2]. Because of the improvement of the dietary struc-
ture, themortality rate shows a declining trendworldwide [3].
However, the incidences of gastric cancer are still remarkable
in areas where infection by Helicobacter pylori is prevalent
[4]. BesidesH. pylori, smoking and alcohol consumption also
increase the risk of developing gastric cancer significantly
[5, 6]. Compared with women, men have a higher incidence,
while estrogen may protect women against the gastric cancer
[7].

In the previous cases, over 90% gastric cancers are adeno-
carcinomas, which could be divided into two major types

in terms of the histopathology [8]. Intestinal type gastric
cancer is often related to environmental factors such as
H. pylori, while diffuse type gastric cancer is more often
associated with genetic abnormalities. Caldas et al. reviewed
that the diffuse type gastric cancer tended to occur in
female and young individuals [9]. Besides adenocarcinomas,
other types of gastric cancers like lymphomas occurred in
a very low incidence [10]. Since the gastric cancer leads to
high mortality, the early diagnose especially the molecular
diagnose is particularly important for the therapy.

So far, numerous genes have been found involved in
gastric tumorigenesis. Among the reported gastric cancer
related genes, most of them could have also been found
in other types of carcinomas. p53, famous for its tumor-
suppressing role, has a mutated rate ranging from 0 to 21%
in diffuse type GC and 36–43% in intestinal type GC [11];
E-cadherin, which plays a pivotal role in EMT (Epithelial
Mesenchymal Transition), is predisposed to mutagenesis in
sporadic diffuse type GC (33–50%) [12]; another star gene
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harboring high correlation with gastric cancer is RNUX3,
which manifests to be a tumor-suppressor gene of GC [13].
Although dozens of genes have been found related to gastric
cancer, they are insufficient to elucidate the tumorigenesis of
GC unless more relevant genes being uncovered.

It is time-consuming to discover novel gastric cancer
related genes by experiment alone, because the search space
is very large. Computational approach is an alternative way
which can help investigators screen out some related genes.
On the other hand, lots of computational approaches have
been developed to settle various biological problems, such
as drug design [14–19] and analysis of complicated biological
network [20–24]. In this study, a computational method was
built to discover novel gastric cancer related genes based
on some known related ones retrieved from Gastric Cancer
Database, UniProtKB, and TSGene Database. After applying
the shortest path algorithm in protein-protein interaction
network to search the shortest path connecting any pair
of known gastric cancer related genes, the candidate genes
were found. Further analysis suggests that some of them are
related to the formation and development of gastric cancer.
We hope that this contribution may give help to uncover
the mechanism of this disease, thereby designing effective
treatments.

2. Materials and Methods

2.1. Materials. Gastric cancers related genes are collected
from the following three datasets: (1) 102 genes are picked
up fromGastric Cancer Database (http://www.gastric-cancer
.site40.net/); (2) 128 reviewed gastric cancer related genes
were found in the UniProtKB (Protein Knowledgebase,
http://www.uniprot.org/uniprot/) by setting the keyword as
human gastric cancer oncogene/suppressor gene, where 86
are oncogenes and 42 are suppressor genes; (3) 9 genes
were obtained from TSGene Database (Tumor Suppressor
Gene Database, http://bioinfo.mc.vanderbilt.edu/TSGene/)
by searching the human gastric cancer in the Literature
Search box. After combining these genes, we obtained 150
gastric cancer related genes, which were available in Sup-
plemenary Material I (available online at http://dx.doi.org/
10.1155/2014/371397).

2.2. Protein-Protein Interaction (PPI) Network. It is known
that interactions of proteins are important for the major-
ity of biological functions. Many studies have shown that
proteins in one interaction always share similar functions
[25–29]. Since gastric cancers related genes may have some
common features, it is feasible to discover novel gastric
cancers related genes based on known related ones and PPI
network. In this study, the PPI network was constructed
based on the protein interaction information retrieved
from STRING (Search Tool for the Retrieval of Interacting
Genes/Proteins, http://string.embl.de/) (version 9.0) [30],
a well-known database integrating known and predicted
protein interactions. In the obtained file, each interaction
consists of two protein IDs and a score measuring the like-
lihood of the interaction’s occurrence. For later formulation,

the score of the interaction between proteins 𝑝
1
and 𝑝

2
was

denoted by 𝐼(𝑝
1
, 𝑝
2
). To construct the weighted network,

proteins in the STRING were taken as nodes and two nodes
were adjacent if and only if the score of the interaction
between the corresponding proteins was greater than zero.
In addition, the score of the interaction was used to label the
weight of the corresponding edge as follows:

𝑤 (V
1
, V
2
) = 1000 − 𝐼 (𝑝

1
, 𝑝
2
) , (1)

where 𝑝
𝑖
(𝑖 = 1, 2) was the corresponding protein of node V

𝑖
.

2.3. Shortest Path Genes. As described in Section 2.1, 150
gastric cancer related genes were collected, which must have
some common features related to gastric cancer. On the
other hand, according to Section 2.2, two proteins in one
interaction, that is, they are adjacent in the constructed PPI
network, always share common features. It can be further
deduced that proteins in the shortest path connecting two
known gastric cancer related genes may share some common
features that the two known gastric cancer related genes
have. Therefore, we searched the shortest path between any
pair of known gastric cancer related genes by Dijkstra’s
algorithm, themost famous shortest path algorithmproposed
by Dijkstra in 1956 [31].

After collecting the shortest paths connecting any pair
of known gastric cancer related genes, we found that some
nodes/genes occurred in many paths, while the majority of
nodes/genes in PPI network were not in any path. To distin-
guish these nodes/genes, the betweenness of each node/gene
was calculated, which is defined as the number of the shortest
paths containing the node/gene as an inner node. Since
the concept of betweenness accounts for direct and indirect
influences of proteins at distant network [32], it has been
employed in the study of various natural and man-made
networks [33–38].

It is easy to see that genes with high betweenness may
share more features related to gastric cancer than those with
low betweenness, while the likelihood of gene with between-
ness equal to 0 to be the novel gastric cancer related gene
is zero. Accordingly, we picked out genes with betweenness
greater than 0 and termed them as the shortest path genes.
Since the main purpose of this study is to discover novel
gastric cancer related genes, the known gastric cancer related
genes were not included in the set of shortest path genes.

2.4. Further Filtering Based on Permutation Test. As de-
scribed in Section 2.3, some of the shortest path genes can be
obtained based on their betweenness. However, the between-
ness of some nodes may be strongly influenced by the
essential structure of the network. For example, the cut-
vertex of the network may always receive high betweenness
easier than other vertices. To control this false discovery, a
permutation test was conducted to further filter these shortest
path genes as follows.

(i) Randomly select 1,000 gene sets 𝐺
1
, 𝐺
2
, . . . , 𝐺

1000
in

PPI network with the same size of known gastric
cancer related gene set.
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(ii) Calculate the betweenness of each shortest path gene
on each gene set 𝐺

𝑖
(1 ≤ 𝑖 ≤ 1000).

(iii) The permutation FDR of the shortest path gene p was
computed by

FDR (𝑝) =
∑
1000

𝑖=1
𝛿
𝑖

1000
, (2)

where 𝛿
𝑖
was defined to be 1 if the betweenness of 𝑝

on 𝐺
𝑖
was greater than that of 𝑝 on the known gastric

cancer related gene set.

It is obvious that smaller permutation FDRof one shortest
path gene indicates that it is the actual gastric cancer related
gene with high possibility.

2.5. Gene Set Enrichment Analysis. DAVID [39] is a func-
tional annotation tool, which has been widely used to analyze
gene lists derived from different biological problems [40–
45]. Here, it was also employed for KEGG pathway and GO
enrichment analysis of the obtained gene set.The enrichment
𝑃 value was corrected to control family-wise false discovery
rate under certain rate (e.g., ≤0.05) with Benjamin multiple
testing correction method [46]. During the enrichment
analysis, all genes in the human genome were considered. 13
items in the output of DAVID and their meanings are listed
in Table 1. For detailed description, please see Huang et al.’s
study [39].

3. Results and Discussion

3.1. Candidate Genes. Of the 150 known gastric cancer related
genes, the shortest path connecting any pair of them was
searched in PPI network constructed in Section 2.2. After
counting the betweenness of each gene in PPI network,
466 shortest path genes with betweenness greater than zero
were retrieved. These 466 genes and their betweenness can
be found in Supplementary Material II. To exclude the
false discovery, the permutation test was conducted. The
permutation FDRs of 466 shortest path genes were calculated
by (2) and also listed in Supplementary Material II. It can
be observed that 144 genes were with permutation FDRs no
more than 0.1. These genes were considered to have a strong
relationship with gastric cancer.

3.2. Results of Gene Set Enrichment Analysis. DAVID, as a
functional annotation tool, was employed to analyze the
144 shortest path genes. The analysis results included two
categories: GO and KEGG. These results were available in
SupplementaryMaterials III and IV, respectively.The detailed
discussion based on these results was as follows.

From Supplementary Material III, 294 GO terms were
enriched by the 144 genes. We investigated the first 10 GO
terms in the list, which were shown in Figure 1. The “Count”
items in the output of DAVID for these 10 GO terms were
also shown in Figure 1. Among these 10 GO terms, 5 out
of the 10 GO terms are cellular component (CC) GO terms
including (1) GO:0005654: nucleoplasm (“count” = 30); (2)
GO:0031981: nuclear lumen (“count” = 34); (3) GO:0043233:

Table 1: Items in the output of DAVID and their meanings.

Item Meaning
Category DAVID category, that is, KEGG or GO
Term Gene set name

Count The number of genes associated with this
gene set

Percentage Calculated by “gene associated with this
gene set”/“total number of query genes”

𝑃 value Modified Fisher Exact 𝑃 value

Genes The list of genes from your query set that
are annotated to this gene set

List total The number of genes in your query list
mapped to any gene set in this ontology

Pop hits The number of genes annotated to this
gene set on the background list

Pop total
The number of genes on the background
list mapped to any gene set in this
ontology

Fold
enrichment

The ratio of the proportions on query
genes and the background information
which are associated with the gene set

Bonferroni Bonferroni adjusted 𝑃 value
Benjamini Benjamini adjusted 𝑃 value
FDR FDR adjusted 𝑃 value

organelle lumen (“count” = 37); (4) GO:0031974: membrane-
enclosed lumen (“count” = 37); (5) GO:0005829: cytosol
(“count” = 30). As we know, tumorigenesis is a very com-
plicated biological process which means the transform pro-
cesses could take place everywhere in the cells [47]. In
our analysis results, the related proteins distribute both
in nuclear and cytosol which is in accordance with the
characters of the gastric cancer. The remaining 5 GO terms
are biological process (BP) GO terms: (1)GO:0032268: regu-
lation of cellular proteinmetabolic process (“count” = 20); (2)
GO:0009725: response to hormone stimulus (“count” = 17);
(3) GO:0031399: regulation of protein modification process
(“count” = 15); (4) GO:0009719: response to endogenous
stimulus (“count” = 17); (5) GO:0010604: positive regulation
of macromolecule metabolic process (“count” = 25). Liu et
al. reported that the cancer cells usually harbor abnormal
metabolic status [48]. In our results 80% (4/5) BP are relative
to themetabolic stress response bymeans of direct regulation
of the metabolic process or indirect regulation by altering
the stimulus-related pathways. Besides, proteinmodification,
which is also enriched in our results, plays an important role
in the carcinogenesis by altering the pivotal proteins [49].
Although these genes may not be the indispensable factors in
gastric cancer, the common points among them would give
us the hints about the tumorigenesis of the gastric cancer.

FromSupplementaryMaterial IV, 8KEGGpathwayswere
enriched by 144 genes, which were shown in Figure 2. It can
be observed that 6 out of 8 KEGG pathways were with 𝑃
value less than 0.05, which were investigated as follows. The
first pathway was hsa04110: cell cycle pathway (“count” = 10).
10 genes including PCNA, MYC, and CCND1 are enriched
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Figure 1: The top 10 GO terms enriched by 144 genes. The 𝑥-axis lists GO’s ID and name, while the 𝑦-axis represents the number of genes
that shared the GO term among the 144 genes.
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Figure 2: The 8 KEGG pathways enriched by 144 genes. The 𝑥-axis lists pathway’s ID and name, while the 𝑦-axis represents the number of
genes that shared the pathway among the 144 genes.

in this pathway. One of the significant characters of gastric
cancer is the abnormal activated cell cycle [50]. Among
these genes, PCNA is responsible for the DNA synthesis and
CCND1 could alter cell cycle by regulating the CDK kinases
[51, 52]. Other 2 pathways found in our study are related to the
DNArepairwhich are also very critical for the carcinogenesis.
Hsa03450: nonhomologous end joining (NHEJ) (“count” = 3)
is a pathway that repairs double-strand breaks in DNA
and base excision repair (BER) is a cellular mechanism
that repairs damaged DNA throughout the cell cycle [53,
54]. Another intriguing pathway is hsa03040: spliceosome
pathway (“count” = 7) which was always abnormal in cancer
cells [55]. We speculate that the spliceosome could modify

the expression of the oncogenes or tumor-suppress genes
which eventually lead to the tumorigenesis. Finally, we also
find the hsa05221: acute myeloid leukemia (AML) pathway
(“count” = 7) and cancer related pathways in our list. The
results imply that the gastric cancer has the common mech-
anism as well as other cancers especially the AML. Look has
reviewed that RUNX1 is the key factor in the hematopoietic
development and highly correlated with AML [56]. However,
its homologous protein RUNX3 that shares 70% similarity
has been reported playing pivotal role in gastric cancer [57].
The finding unravels that cancer normally has the common
molecular mechanism as well as the specific pathway with
type-dependent pattern. Although several reported pathways
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are included in our study, the novel pathways with gastric
cancer would expand our views of mechanisms about the
tumorigenesis of gastric cancer. On the other hand, we have
observed that some genes in these pathways could play a very
important role in the carcinogenesis of gastric cancer.

3.3. Analysis of the Relationship of Some Candidate Genes
and Gastric Cancer. As described in Section 3.1, 144 genes
were discovered by our method. Some of them may have
strong relationship with gastric cancer and were discussed as
follows. Table 2 listed these genes and their betweenness and
permutation FDRs.

Proliferating Cell Nuclear Antigen (PCNA) (see row 2
of Table 2), also known as cyclin, is an auxiliary protein of
DNA polymerase-𝛿 that plays important roles both in DNA
synthesis and DNA repair [51, 58]. PCNA could act as a
homotrimer and helps increase the processivity of leading
strand synthesis duringDNA replication [59, 60]. In response
to DNA damage, this protein is ubiquitinated and is involved
in the RAD6-dependent DNA repair pathway [61, 62]. As we
know,DNA repair is themainway to remove the carcinogenic
lesions caused by UV or other common mutagens [63]. Pas-
cucci et al. have reviewed that the NER (nucleotide excision
repair) was highly correlated with skin cancer and intestinal
cancer [64]. Intriguingly, numerous works have considered
PCNA labeling rate as the prognostic indicator of gastric
cancer because its expression was consistent with malignant
potential of gastric cancer [65–67]. Ji et al. have found the
abnormal increase of PCNAexpression in 58 gastric carci-
noma tissues [68]. Similar conclusion was also achieved by
Takamura et al. who have performed immunohistochemical
study on 164 patients with gastric carcinomas [69]. Although
the strong correlation is observed between PCNAand gastric
cancer, the detailed mechanism of how PCNA promotes the
gastric cancer needs further elucidation.

Besides PCNA, another protein in highly conserved
cyclin family was also found in our study. CCND1 (see
row 3 of Table 2), with official full name of cyclin D1,
was firstly described by Motokura et al. in 1991 [70]. In
the following decades, the importance of CCND1 in cell
cycle and tumorigenesis was underlined by different labs.
Because of the amplification of the 11q13 regionwhereCCND1
locates, CCND1 is frequently overexpressed in human can-
cers accompanied with abnormalities that are driven by
multiple mechanisms including genomic alternations, post-
transcriptional regulation andposttranslational protein stabi-
lization [71–73]. On one hand, cyclin D1 could increase CDK
activity and consequently result in continuous proliferation
which is necessary for tumorigenesis [74, 75]. On the other
hand, cyclinD1may induce the tumorigenesis in certain types
of cancers by means of its nuclear receptor-agonistic activity
in the CDK-independent way [52, 76].

MYC (see row 4 of Table 2) is a regulator gene that codes
for a transcription factor, and it is frequently mutated in
many cancers. In Myc-related cancers, Myc is constitutively
expressed and leads to the abnormal expression of many
genes which may be involved in cell proliferation, differ-
entiation and apoptosis, and these uncontrolled biological

processes finally underlie the cancer. Myc is believed to
regulate expression of 15% of all genes [77]. Similar with
CCND1,Myc expression could be regulated transcriptionally,
posttranscriptionally, or posttranslationally [78]. Chung and
Levens have reviewed that the deregulated expression of Myc
is sufficient to lead to cellular transformation in vitro and
tumorigenesis in vivo [79]. Besides the transforming role,
Myc could also promote chromosomal instability by means
of its function as a transcriptional regulator [80]. In the
previous reports, Myc overexpression has been described
in over 40% of gastric cancer [81]. Among nearly half the
gastric cancer, copy number gains are frequently detected
along chromosome 8 where Myc locates [82, 83]. As the key
factor of tumorigenesis, Myc could provide potential target
for therapy for gastric cancer [84].

FOS (see row 5 of Table 2), well known as c-fos, encodes
a 62 kDa protein, which forms heterodimer with c-jun and
subsequently results in the formation of AP-1 complex. FOS
has been found to be overexpressed in a variety of cancers.
Bakin and Curran have found that c-fos could change
DNAmethylation pattern by regulating DNMT1 and thereby
cause the downregulation of tumor suppressor genes [85].
In addition, c-fos could lead to the loss of cell polarity
and EMT which is critical for the metastatic and invasive
growth of cancer cells [86]. Hu et al. also found that c-fos
is required for the expression of matrix metalloproteinases
that are indispensable for invasive growth of cancer cells
[87]. However, some recent studies have unraveled the tumor
suppressor activity of c-fos, including prohibition of the cell
cycle progression, promotion of cell death, or repressing the
anchorage-independent growth [88]. In coincidence with the
negative role of c-fos in tumorigenesis, Jin et al. analyzed
625 consecutive gastric cancers; 388 cases (62.1%) showed
loss of nuclear c-fos expression [89]. Consistent results were
concluded by Zhou et al. in 58 patients with gastric cancer
[90]. However, Mazurenko et al. reported that high level
of c-fos expression was observed in stomach carcinomas
[91]. The discordance may be caused by the different stages
of progression in different studies. In conclusion, c-fos is
a double-edged sword, which could promote or suppress
tumorigenesis of gastric cancer.

RUNX1 (see row 6 of Table 2), better known as AML1,
plays a critical role in hematopoietic development [92].
RUNX1 belongs to the RUNX family whose 3 members
(RUNX1, RUNX2, and RUNX3) share 70% resemblance.
Unlike its familial proteinRUNX3 that is a strong candidate as
a gastric cancer tumor suppressor. RUNX1 is always consid-
ered as a tumor suppressor for acute lymphoblastic leukemia
(AML) [56]. Usui et al. have examined mRNA expression
of all three RUNX genes in the gastric mucosa, and they
found that RUNX1 was coexpressed with RUNX3 in pit cells
[93]. Sakakura et al. observed remarkable downregulation
of RUNX1 and RUNX3 in 9 gastric cancer cell lines and
56 primary gastric cancer specimens [94]. Although RUNX1
is famous for its involving in AML, more lines of evidence
shed light to its anticarcinogenesis activity in other carcinoma
including gastric cancer.

Other genes found in our study have also been
reported relating with gastric cancer. Specific SNPs (Single
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Table 2: Important candidate shortest path genes and their betweenness and permutation FDRs.

Ensemble ID of shortest
path genes Gene name Betweenness Permutation FDR

ENSP00000368438 PCNA 454 0.083
ENSP00000227507 CCND1 594 0.02
ENSP00000367207 MYC 779 0.01
ENSP00000306245 FOS 318 0.035
ENSP00000300305 RUNX1 224 0.002
ENSP00000262887 XRCC1 152 0.094
ENSP00000352516 DNMT1 169 0.093
ENSP00000379110 CXCL1 107 0.033

Nucleotide Polymorphism) in XRCC1 (X-ray repair cross-
complementing 1) (see row 7 of Table 2) are highly associated
with gastric cancer [95]. DNMT1 (DNA methyltransferase
1) (see row 8 of Table 2), which is overexpressed in gastric
cancer, is associated with increased risks of gastric atrophy
with its abnormal polymorphisms [96]. The expression of
CXCL1 (chemokine (C-X-C motif) ligand 1) (see row 9 of
Table 2) is higher in gastric cancer tissues and endows the
cancer cells with more powerful migration and invasion
ability [97]. Beyond these genes, more genes associated with
gastric tumorigenesis require more evidences for validation
or further exploration.

4. Conclusion

Identification of disease genes is one of the most important
problems in biomedicine and genomics. For gastric cancer, as
one of the leading causes of cancer related deaths worldwide,
it is eager to discover its related genes, which can help to
uncover its mechanism and design effective treatments. This
contribution presented a computational method to identify
novel gastric cancer related genes based on known related
ones by shortest path algorithm and PPI network. The
analysis implies that some genes discovered in this study have
direct or indirect relationshipwith gastric cancer. It is hopeful
that this contribution would give a new insight to study this
disease and other diseases.
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Diseases are closely related to genes, thus indicating that genetic abnormalities may lead to certain diseases. The recognition of
disease genes has long been a goal in biology, which may contribute to the improvement of health care and understanding gene
functions, pathways, and interactions. However, few large-scale gene-gene association datasets, disease-disease association datasets,
and gene-disease association datasets are available. A number of machine learning methods have been used to recognize disease
genes based on networks.This paper states the relationship between disease and gene, summarizes the approaches used to recognize
disease genes based on network, analyzes the core problems and challenges of the methods, and outlooks future research direction.

1. Introduction

Although the human genome project has been accomplished
and has achieved great success, and new methods that
verify gene functionwith high-throughput have been applied,
studying genetic problems that induce diseases is still one
of the major challenges facing humanity [1]. The traditional
gene mapping method is based on family genetic disease.
First, genes inducing diseases are located in a chain interval.
Most recent studies at recognizing disease gene that involves
linkage analysis or association studies have resulted in a
genomic interval of 0.5 cm to 10 cm, which contains 300
genes [2, 3]. Second, using the biological experiment method
to identify each gene located in a chain interval requires a
large number of human resources and capital support [4]. In
addition, recognizing disease gene by checking the genes set
in the interval is often not possible [5]. However, the study of
candidate association works well when using a set of known
functional candidate genes, which have a clear biological
relationship to the disease [6]. Selecting known functional
candidate genes is not easy and is often limited by a good
deal of factors. The selection of functional candidate genes
and prioritization candidate genes has been one of the keys
in recognizing disease genes because several reorganization
approaches are based on the functions of these genes.

In recent years, a number of recognizing disease gene
approaches and computer tools have been developed through
buildingmathematicmodels based on functional annotation,
sequence-based features, protein interaction, and disease
phenotype [7–16], such as sequence features [15], functional
annotation [7, 8, 10, 13], and physical interactions [12, 13,
17]. Based on the above features, an approach to rank
candidate disease genes by computing a correlation score
that stands for the correlation between genes and diseases
has been introduced. However, various factors may affect the
association between genes and diseases.

System biology has indicated that diseases with over-
lapping clinical manifestations are induced by one or
more mutations from the same function module [18–21].
Researches in biological experiments of human disease and
patterns have found that genes causing similar disease pheno-
type often interact with each other directly or indirectly [22–
24]. These discoveries have shown that positive correlation
exists between disease phenotype and disease gene. Many
researchers have proposed disease gene prediction methods
based on gene interaction and disease phenotype similarity
[7, 25–29]. Recently, many approaches making full use of
gene interaction and disease similarity have established the
gene interaction and disease phenotype similarity network
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to predict disease genes. Some typical methods based on
networks will be introduced in detail in this paper.

2. Datasets

In the field of biological information, construction dataset
is the data foundation of all subsequent work. The validity
of datasets directly affects the validity and reliability of the
learning algorithm and test.Thus, building a dataset is a basic
and important preparatory work.

The recognition of disease gene datasets is mainly
obtained from two databases: Online Mendelian Inheritance
in Man (OMIM), which is a synthesis database [30–32],
and Human Protein Reference Database (HPRD) [33, 34].
Although none of the datasets from OMIM or HPRD are
currently complete, they are comprehensive enough [6].

OMIM has the most abundant information, most exten-
sive resources, most comprehensive, authoritative, and timely
human genes and genetic disorders based on knowledge
composed to support human genetics research and education
and the clinical genetics research. OMIM is daily updated and
has free access and acquisition at http://www.omim.org/. In
OMIM, each item has a short text summary of a generally
determined phenotype or gene and a large number of links to
other genetic databases [30]. Datasets of disease phenotype
and gene-disease phenotype can be obtained from OMIM.
However, the data from OMIM need to be disposed to
recognize the disease genes [35].

HPRD is a database which curetted proteomic informa-
tion suited to human proteins. Even thoughHPRD is updated
relatively slow, it is a full-scale resource for studying the
relationship between human diseases and genes [36] and is
linked to an outline of human signaling paths. HPRD is also
available for free at http://www.hprd.org/ [34]. The dataset of
gene interaction can be obtained from HPRD [35].

3. Networks

Most research on recognizing disease genes use networks,
including the disease phenotype network, protein-protein
interaction network, and gene-disease phenotype network,
among others. In this study, we introduce only themost com-
monly used networks. 𝐺

𝑃𝑃𝐼
represents the gene (proteins)

interaction network, 𝐺
𝐷𝑃

represents the disease phenotype
network, and 𝐺

𝑃-𝐷𝑃 represents the gene-disease phenotype
network [6, 16].

(1) 𝐺
𝑃𝑃𝐼
= (𝐺, 𝐸

𝐺
) is an undirected graph and denotes

the gene-gene interaction. 𝐺 = {𝑔
1
, 𝑔
2
, . . . , 𝑔

𝑛
} is the

subset of the gene set, and 𝐸
𝐺
⊂ 𝐺 × 𝐺 expresses

the interaction of genes with weight. Figure 1(a)
shows𝐺

𝑃𝑃𝐼
. In the gene-gene interaction network, the

relationship between genes is obtained from the gene-
gene relationship database, which is one of the most
important databases in the biological information
field.

(2) 𝐺
𝐷𝑃
= (𝐷, 𝐸

𝐷
) is also an undirected graph and

denotes the disease phenotype network. 𝐷 = {𝑑
1
, 𝑑
2
,

. . . , 𝑑
𝑛
} is the subset of the disease phenotype set, and

𝐸
𝐷
⊂ 𝐷 × 𝐷 represents the similarity of the disease

phenotype with weight. Figure 1(b) shows𝐺
𝐷𝑃

. In the
disease phenotype network, the relationship between
disease phenotypes is obtained from the phenotype
relationship database, which can also be replaced by
the disease-disease relationship database.

(3) 𝐺
𝑃-𝐷𝑃 = (𝐺,𝐷, 𝐸𝑃-𝐷𝑃), which is an undirected bio-

graph, is a gene-disease phenotype network. 𝐺 is the
subset of the gene set, and 𝐷 is the subset of the dis-
ease phenotype set. 𝐸

𝑃-𝐷𝑃 ⊂ 𝐺 × 𝐷 expresses the link
between the known gene and the disease phenotype.
Figure 1(c) stands for 𝐺

𝑃-𝐷𝑃. The association between
disease gene and disease phenotype can be obtained
from the gene-disease relationship database.

4. Methods

In previous research, various methods, such as CIPHER,
RWRH, Prince, Meta-path, Katz, Catapult, Diffusion Kernel
[5], and ProDiGe, were used to recognize disease genes.
In the current paper, we introduce several types of typical
recognition disease gene methods.

4.1. CIPHER. CIPHER [6] is a tool for predicting and pri-
oritizing disease genes. Furthermore, CIPHER is applied to
general genetic phenotypes, which do better in the genome-
wide scan of disease genes; furthermore, they are extendable
for exploring gene cooperatives in complex diseases. CIPHER
is based on an assumption that if two genes have the closest
connection in the gene interaction, then the two genes can
lead to more similar phenotypes. A regression model can be
formulated according to this assumption. A score assessing
how likely a gene is associated with a specific phenotype is
obtained from the regression model. To construct the regres-
sion model, the similarity between phenotypes, interaction
between proteins and genes, and list of associations between
known disease gene and phenotype must be prepared. The
next paragraph expresses the procedures of prioritizing dis-
ease genes.

For a given query phenotype and candidate genes,
CIPHER first combines the gene interaction network, disease
phenotype network, and gene-disease phenotype network
into a single network. The similarity scores of the query phe-
notype with all known phenotypes in the disease phenotype
network are derived directly from the phenotype network
and the topological distances between the candidate genes.
All known disease genes in the gene interaction network are
counted and grouped on the basis of their phenotypes. The
correlation between phenotypes anddisease genes is obtained
and acts as the concordance score for each candidate gene by
using the regression model. Finally, all candidate genes for
the query phenotype are ranked in line with the concordance
scores. On account of different neighborhood systems, two
ways are available to define the topological distance: direct
neighbor and shortest path. Thus, there are two versions of
CIPHER which are CIPHER-SP and CIPHER-DN [6].
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Figure 1: Illustration of the network by using a specific example: (a) is a gene-gene network, (b) is a disease phenotype network, and (c) is a
gene-disease phenotype network [6].

The similarity scores of the query phenotype and all
phenotypes in the disease phenotype network are calculated
by the following formulation:

𝑆
𝑝𝑝
 = 𝐶
𝑝
+ ∑

𝑔∈𝐺(𝑝)

∑

𝑔

∈𝐺(𝑝

)

𝛽
𝑝𝑔
𝑒
−𝐿
2

𝑔𝑔


. (1)

In the above formulation, 𝑆
𝑝𝑝
 is the similarity score of

the query phenotype and another phenotype in the disease
phenotype network. 𝐿

𝑔𝑔
 is the topological distance between

the candidate genes and 𝑔 in the gene interaction network.
There exit two ways to define the topological distance, 𝐿

𝑔𝑔
 ,

on the basis of how to consider indirect the interaction. One
way to define the topological distance is shortest path; 𝐿

𝑔𝑔
 is

the graph theory shortest path length between genes 𝑔 and 𝑔
in the gene interaction network. The other way to define the
topological distance is direct neighbor;𝐿

𝑔𝑔
 is infinity when𝑔

and 𝑔 are indirect neighbors.𝐺(𝑝) indicates all disease genes
belonging to phenotype 𝑝. 𝐶

𝑝
is a constant and can act as

the basal similarity between 𝑝 and other phenotypes whose
causative genes are not connected to those of 𝑝 in the gene
interaction network. 𝛽

𝑝𝑔
is the coefficient of the regression

model and stands for the level of gene 𝑔 contributing to the
similarity of the phenotype 𝑝 to any other phenotype 𝑝. To

denote the association between a phenotype and a gene, the
following formulation (2) is defined:

Φ
𝑔𝑝
 = ∑

𝑔

∈𝐺(𝑝

)

𝑒
−𝐿
2

𝑔𝑔


. (2)

The following vector is used to denote the similarities
between the query phenotype and all phenotypes in the
disease phenotype network: 𝑆

𝑝
= (𝑆
𝑝𝑝
1

, 𝑆
𝑝𝑝
2

, 𝑆
𝑝𝑝
3

, . . . , 𝑆
𝑝𝑝
𝑛

).
In the sameway, the following vector is used to denote the

closeness between the genes and the phenotypes in the dis-
ease phenotype network: Φ

𝑔
= (Φ
𝑔𝑝
1

, Φ
𝑔𝑝
2

, Φ
𝑔𝑝
3

, . . . , Φ
𝑔𝑝
𝑛

).
Synthesizing Formulas (1) and (2) and two vectors extends
Formula (1) to the following form:

𝑆
𝑝
= 𝐶
𝑝
+ ∑

𝑔∈𝐺(𝑝)

𝛽
𝑝𝑔
Φ
𝑔
. (3)

In this regression model, the concordance score is defined by
Formula (4):

𝐶𝑆
𝑝𝑔
=

cov (𝑆
𝑝
, Φ
𝑔
)

𝜎 (𝑆
𝑝
) 𝜎 (Φ

𝑔
)

, (4)

where cov and 𝜎 are the covariance and standard deviation,
respectively.The candidate genes for the query phenotype are
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ranked according to the values obtained from Formula (4). If
a gene that does not connect to any disease genes exists, then
Formula (4) cannot be used and the gene will rank at the tail.

4.2. PRINCE. PRINCE is another approach based on net-
works for ranking candidate disease genes for a given dis-
ease and inferring the complex associations between genes.
PRINCE is on account of formulating constraints on the
ranking function that involved usage of prior information
and its smoothness over the network.

Before using PRINCE, the gene disease composed of the
phenotype network (set of gene-disease associations), gene-
gene interaction network (set of gene-gene association), and
at least a query disease phenotype is prepared. 𝐺 = (𝑉, 𝐸, 𝑤)
denotes the gene-gene interaction network, where 𝑉 is the
set of genes, 𝐸 is the set of interactions, and 𝑤 is a weight
function denoting the reliability of each interaction. Given a
query disease phenotype, PRINCE ranks all the genes in 𝑉.

Suppose a gene V ∈ 𝑉, the direct neighborhood of gene V
is denoted by𝑁(V). The prioritization candidate disease gene
function is denoted by 𝐹 : 𝑉 → R, and 𝐹(V) = 𝑞 reflects
the relevance of V to 𝑞. Another function is defined as prior
knowledge function denoted by 𝑌 : 𝑉 → {0, 1}. In the
prior knowledge function, gene V is related to 𝑞, 𝑉(V) = 1;
otherwise, 𝑉(V) = 0. PRINCE computes function 𝐹 that is
smooth over the network. Thus, function 𝐹 is a combination
of two conditions:

𝐹 (V) = 𝛼[ ∑
𝑢∈𝑁(V)

𝐹 (𝑢)𝑤


(V, 𝑢)] + (1 − 𝛼) 𝑌 (V) , (5)

where the parameter𝛼 ∈ (0, 1)weighs the relative importance
of gene V to gene 𝑢. 𝑤 is a normalized form of𝑤. Formally, a
diagonal matrix𝐷 is defined, and𝐷(𝑖, 𝑖) is the sum of row 𝑖 of
𝑊.𝑊 is normalized by𝑊 = 𝐷−1/2𝑊𝐷−1/2, which obtains a
symmetric matrix. Here,𝑊

𝑖𝑗
= 𝑊
𝑖𝑗
/√𝐷(𝑖, 𝑖)𝐷(𝑗, 𝑗). Formula

(5) can be expressed in linear form as follows:

𝐹 = 𝛼𝑊


𝐹 + (1 − 𝛼) 𝑌 ⇐⇒ 𝐹 = (𝐼 − 𝛼𝑊


)
−1

(1 − 𝛼) 𝑌,

(6)

where𝐹 and𝑉 are viewed as vectors of size |𝑉|.𝑊 is amatrix
whose values are given by 𝑤. Given that the eigenvalues of
𝑊
 are set in [−1, 1],𝛼 ∈ (0, 1), and the eigenvalues of (𝐼−𝛼𝑊)

are positive. In addition, (𝐼 − 𝛼𝑊)−1 exists.
The above linear system can be solved accurately because

an iterative propagation-based algorithm works fast and is
guaranteed to converge to the system solution for larger
networks. Formula (6) is transferred to an iterative algorithm
and is denoted as follows:

𝐹
𝑡

= 𝛼𝑊


𝐹
𝑡−1

+ (1 − 𝛼) 𝑌, (7)

where 𝐹1 = 𝑌. Every node propagates the information
received in the previous iteration to its neighbors. Finally,
the values obtained from Formula (7) rank all the candidate
disease genes for a query disease phenotype.

4.3. RWRH. Random walk with restart on heterogeneous
network (RWRH) is extended from the random walk with
restart algorithm to the heterogeneous network. The het-
erogeneous network is constructed by connecting the gene-
gene interaction network and disease phenotype network
by using the gene-disease phenotype relationship informa-
tion. In brief, the gene-disease phenotype network is the
heterogeneous network. RWRH prioritizes the genes and
the phenotypes simultaneously, which is inspired by the
coranking framework [37]. Given a query disease, seed nodes
as genes and phenotypes are associated with the disease, and
the top ranked phenotype is the most similar to the query
disease.

Random walk is defined as an iterative walker transition
from its current node to a randomly selected neighbor,
starting at a given source node V in the network. However,
RWRH allows the restart of the walk in every time step
at node V with probability 𝑟. 𝑃

0
is the probability vector

at step 0, indicating that it is the initial probability vector
with the sum of probabilities equal to 1. Similarly, 𝑃

𝑠
is the

probability vector at step 𝑠, in which the 𝑖th element holds
the probability of finding the random walker at node 𝑖 at step
𝑠. The probability vector at step 𝑠 + 1 is denoted as follows:

𝑃
𝑠+1
= (1 − 𝛾)𝑀

𝑇

𝑃
𝑠
+ 𝛾𝑃
0
, (8)

where 𝑀 is the transition matrix of the heterogeneous
network;𝑀

𝑖𝑗
is the transition probability from node 𝑖 to node

𝑗; 𝛾 ∈ (0, 1) is the restart probability in every time step. After
several iterations, 𝑃

∞
reaches a steady-state that is obtained

by performing the iteration until the change between 𝑃
𝑠
and

𝑃
𝑠+1

falls below 10−10. 𝑃
∞

is the measure of closing to seed
nodes. In vector 𝑃

∞
, when 𝑃

∞
(𝑖) > 𝑃

∞
(𝑗), node 𝑖 is more

likely to be the seed node than node 𝑗.
𝑀 is the transition matrix of the heterogeneous network.

In addition, 𝑀 consists of four subnetwork transition net-
works and is denoted as follows:

𝑀 = [
𝑀
𝐺
𝑀
𝐺𝑃

𝑀
𝑃𝐺
𝑀
𝑝

] , (9)

where𝑀
𝐺
is the transition matrix of the gene-gene interac-

tion network, which is the intrasubnetwork of the heteroge-
neous network. 𝑀

𝑝
is the transition matrix of the disease

phenotype network, which is also the intrasubnetwork of
the heterogeneous network. 𝑀

𝑃𝐺
and 𝑀

𝐺𝑃
are the inter-

subnetwork transition matrixes. Supposing the probability of
jumping from gene-gene interaction network to the disease
phenotype network is 𝜆, the reverse is the same. In the gene-
gene interaction network, 𝜆 = 0 if a node is not connected
to the phenotype. If a node is directly linked to the disease
phenotype network, then the node will jump to the disease
phenotype network with probability 𝜆. The node will jump
to other nodes in the gene-gene interaction network with
probability 1 − 𝜆. Thus, the transition probability from 𝑔

𝑖
to

𝑝
𝑗
can be denoted as follows:

(𝑀
𝐺𝑃
)
𝑖,𝑗
= 𝑃 (𝑝

𝑗
| 𝑔
𝑖
) =

{{

{{

{

𝜆𝐵
𝑖𝑗

∑
𝑗

𝐵
𝑖𝑗

, if ∑
𝑗

𝐵
𝑖𝑗
̸=0

0, otherwise.
(10)
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In the same way, the transition probability from 𝑝
𝑖
to 𝑔
𝑗
can

be denoted as follows:

(𝑀
𝑃𝐺
)
𝑖,𝑗
= 𝑃 (𝑔

𝑗
| 𝑝
𝑖
) =

{{

{{

{

𝜆𝐵
𝑗𝑖

∑
𝑗

𝐵
𝑗𝑖

, if ∑
𝑗

𝐵
𝑗𝑖
̸=0

0, otherwise.
(11)

The transition probability from 𝑔
𝑖
to 𝑔
𝑗
, which is the element

of 𝑀
𝐺
at the 𝑖th row and 𝑗th column, can be denoted as

follows:

(𝑀
𝐺
)
𝑖,𝑗
=

{{{{{{

{{{{{{

{

(𝐴
𝐺
)
𝑖,𝑗

∑
𝑗

(𝐴
𝐺
)
𝑖,𝑗

, if ∑
𝑗

𝐵
𝑖𝑗
= 0

(1 − 𝜆) (𝐴
𝐺
)
𝑖,𝑗

∑
𝑗

(𝐴
𝐺
)
𝑖,𝑗

, otherwise.
(12)

The transition probability from 𝑝
𝑖
to 𝑝
𝑗
, which is the element

of𝑀
𝑃
at the 𝑖th row and the 𝑗th column, can be denoted as

follows:

(𝑀
𝑃
)
𝑖,𝑗
=

{{{{{{

{{{{{{

{

(𝐴
𝑃
)
𝑖,𝑗

∑
𝑗

(𝐴
𝑃
)
𝑖,𝑗

, if ∑
𝑗

𝐵
𝑖𝑗
= 0

(1 − 𝜆) (𝐴
𝑃
)
𝑖,𝑗

∑
𝑗

(𝐴
𝑃
)
𝑖,𝑗

, otherwise.
(13)

In the above four formulations, 𝐴
𝐺(𝑛×𝑛)

, 𝐴
𝑃(𝑚×𝑚)

, and
𝐵
(𝑛×𝑚)

are the adjacency matrixes for the gene-gene interac-
tion network, disease phenotype network, and gene-disease
phenotype network, respectively.The adjacencymatrix of the
heterogeneous network can be denoted as follows:

𝐴 = [
𝐴
𝐺
𝐵

𝐵
𝑇

𝐴
𝑃

] . (14)

The initial probability of the gene-gene interaction net-
work and phenotype network is denoted by 𝑢

0
and V

0
,

respectively. The initial probability of the gene network 𝑢
0

makes the equal probabilities to all the seed nodes in the
gene network, with the sum of the probabilities equal to
1. The initial probability of the phenotype network V

0
is

the same as the gene-gene interaction network. Thus, the
initial probability vector of the heterogeneous network is
denoted as 𝑃

0
= [(1 − 𝜂)𝑢

∞
𝜂V
∞
]
𝑇. In the initial probability

vector of the heterogeneous network, the parameter 𝜂 ∈
(0, 1) acts as the judge to weight the importance of each
subnetwork. When 𝜂 = 0.5, the importance of the gene-
gene interaction network and the disease phenotype network
are equal. If 𝜂 > 0.5, then the importance of the gene-gene
interaction network is greater than the disease phenotype
network. When 𝜂 < 0.5, the gene-gene interaction network
is more important than the disease phenotype network is. 𝑃

0

and the transitionmatrix𝑀 are substituted into Formula (8).
After many iterations, steady-state 𝑃

∞
is denoted as 𝑃

∞
=

[(1 − 𝜂)𝑢
∞
𝜂V
∞
]
𝑇. In this way, the steady probabilities 𝑢

∞

and V
∞
are used to rank the genes and disease phenotypes. A

web server named GeneWanderer, which is a computational
method that prioritizes a set of candidate genes according to
their probability to become involved in a particular disease or
phenotype using HWRH or diffusion kernel, is used.

4.4. Katz. The Katz method is successfully applied to social
network link prediction. Predicting the social network link
is close to the problem of predicting disease genes. The Katz
approach, which is based on a graph, finds the similar nodes
for the query nodes in the network [38].

An adjacency matrix 𝐴 is available in an undirected
unweighted graph. The Katz approach counts the number of
walks of different lengths that connects 𝑖 and 𝑗. These walks
act as the similarity of the two nodes 𝑖 and 𝑗. (𝐴𝑙)

𝑖𝑗
is the

number of walks of length 𝑙 that connect 𝑖 and 𝑗. (𝐴𝑙)
𝑖𝑗
gives

a measure of similarity between 𝑖 and 𝑗. 𝐴 single similarity
measure based on the different walk lengths is necessary.The
measure is given below, in which 𝛽 is a constant that restrains
contributions of longer walks:

𝑆
𝑖𝑗
=

𝑘

∑

𝑙=1

𝛽
𝑙
(𝐴
𝑙

)
𝑖𝑗

. (15)

The above measure is denoted as follows:

𝑆 =

𝑘

∑

𝑙=1

𝛽
𝑙
𝐴
𝑙

. (16)

If 𝑙 → ∞, 𝛽
𝑙
→ 0. In this study, setting 𝛽

𝑙
= 𝛽
𝑙 leads to the

well-known Katz method:

𝑆
katz
= ∑

𝑙≥1

𝛽
𝑙

𝐴
𝑙

= (𝐼 − 𝛽𝐴)
−1

− 𝐼, (17)

where 𝛽 is chosen, such that 𝛽 < 1/‖𝐴‖2. In the case of
the Katz method, the connections in the graph are weighed
so that 𝐴

𝑖𝑗
is the strength of the connection between nodes

𝑖 and 𝑗. For the choice of 𝑘, the sum over infinitely many
path lengths is not necessarily considered. According to the
experimental results, small values of 𝑘 (𝑘 = 3 or 𝑘 = 4)
obtain good performance in the task of recommending
similar nodes.

The adjacency matrix of the heterogeneous network is
denoted as follows:

𝐴 = [

𝐴
𝐺
𝐵

𝐵
𝑇

𝐴
𝑃

] . (18)

One of the advantages of Katz is 𝐴, which can represent the
other species if we want to study human disease phenotypes
and other species disease phenotypes.

𝐵 = [𝑃
𝐻𝑆
𝑃
𝑆
] , 𝐴

𝑃
= [

𝐴
𝑃𝐻𝑆

0

0 𝐴
𝑃𝑆

] . (19)

Here, 𝐴
𝑃𝐻𝑆

and 𝐴
𝑃𝑆

represent human phenotypes and the
other species phenotypes, respectively. 𝑃

𝐻𝑆
and 𝑃

𝑆
indicate

gene-disease phenotype association of human and other
species, respectively. When an experiment on human is
conducted, set 𝑃

𝑆
= 0 and 𝐴

𝑃𝑆
= 0. By synthesizing

expressions (18) and (19), we substitutematrix𝐴 into Formula
(17) and obtain the similarity of genes and phenotypes from
the similarity matrix.
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Initialize 𝜃 = 0, 𝑠(𝑥) = 0, ∀𝑥 ∈ 𝑈, and 𝑛(𝑥) = 1, ∀𝑥 ∈ 𝑈
For t = 1, 2, 3, . . . ,T:
Step 1. Draw a bootstrap sample 𝑈

𝑡
⊆ 𝑈 of size 𝑛+

Step 2. Train a linear classifier 𝜃
𝑡
using the positive training examples 𝐴 and 𝑈

𝑡
as negative examples by solving:

min
𝜃

∈𝑅
𝑑

1

2

𝜃


2

+ 𝐶
−
∑

𝑖∈𝑈𝑡

𝜉
𝑖
+ 𝐶
+
∑

𝑖∈𝐴

𝜉
𝑖

Subject to 𝜉
𝑖
≥ 0, ∀𝑖 ∈ 𝐴 ∪ 𝑈

𝑡

⟨Φ(𝑥
𝑖
), 𝜃


⟩ ≥ 1 − 𝜉
𝑖
, ∀𝑖 ∈ 𝐴

− ⟨Φ(𝑥
𝑖
), 𝜃


⟩ ≥ 1 − 𝜉
𝑖
, ∀𝑖 ∈ 𝑈

𝑡

Step 3. For any 𝑥 ∈ 𝑈 \ 𝑈
𝑡
update:

(i) 𝑛 (𝑥) ← 𝑛(𝑥) + 1

(ii) 𝑠(𝑥) ← 𝑠(𝑥) + ⟨𝜃
𝑡
, Φ(𝑥)⟩

Return 𝑠(𝑥) ← 𝑠(𝑥)/𝑛(𝑥), ∀𝑥 ∈ 𝑈.

Algorithm 1: CATAPULT algorithm description.

4.5. CATAPULT. Combining data across species by using
positive-unlabeled learning techniques is abbreviated to
CATAPULT. AndCATAPULT is a supervisedmachine learn-
ing method which uses a biased support vector machine
(SVM), where the features are derived from walks in a
heterogeneous gene-trait network.

Given a query disease phenotype, a gene is not associated
with the query phenotype. Scholars report positive associa-
tion between genes and phenotypes; however, the negative
associations are rarely reported. In theCATAPULT approach,
the unlabeled gene-disease phenotype pairs act as nega-
tive associations. The characteristics of the dataset are that
only the positive associations are known, and the negative
associations and a large number of unlabeled gene-disease
phenotype pairs as negative associations are unknown. The
general idea of CATAPULT is that the examples are not
known to be negative. The false positives are not penalized
heavily, but the false negatives are penalized heavily.

CATAPULT uses a biased SVM to classify the gene-
phenotype pairs of humans with a single training phase.
This approach draws a random bootstrap sample of a few
unlabeled examples from the set of all unlabeled examples
and trains a classifier to classify the bootstrap samples
as negatives along with the positive samples. CATAPULT
also uses the bagging technique to obtain an aggregate
classifier by using positive and unlabeled examples. The
algorithm description is shown in Algorithm 1. 𝑇 denotes
the number of bootstraps, 𝐴 is the set of positive, 𝑛

+

denotes the number of examples in 𝐴, 𝑈 denotes the set
of unlabeled gene-disease phenotype pairs, 𝐶

−
is a penalty

for false positives, and 𝐶
+
is a relatively larger penalty for

false negatives. The source code can be downloaded from
http://marcottelab.org/index.php/Catapult.

Before applying any supervised machine learning
approach, extracting the features for gene-disease phenotypes
is essential. The features are derived from the paths in the
heterogeneous network. For a given gene-disease phenotype
pair, different walks of the same length and walks of
different lengths can be used as features for the gene-disease
phenotype pair.

4.6. Meta-Path. The meta-path approach mainly uses the
technology of multilabel classification. The multilabel clas-
sification method is useful for recognizing disease genes. A
gene may exhibit many diseases caused by the gene. In the
above example, the gene is an instance, and various diseases
are different labels. Given an instance, a large space of all
possible label sets may exist, which may be exponential to
the number of candidate labels.The frequently used approach
to solve the above problem is exploiting correlations among
different labels. In the network, exploiting the correlations
among different labels denoted by nodes is an advantage.

Meta-path is defined as a sequence of relations in the
network. The objects in the network are linked through
multiple-type associations. Multiple-type associations help
exploit the correlations among different labels for multilabel
classification. In recognizing the disease genes, the labels of
the genes are diseases, and the labels of the diseases are genes.
The explanation of the correlations among genes is summed
up in this study.

Given a set of meta-paths among the gene nodes acting
as labels, 𝑆

𝑙
= {𝑃
1
, 𝑃
2
, . . . , 𝑃

𝑐𝑙
}, the meta-path-based label

correlations can be used as follows:

∀𝑖, 𝑃 (𝑌
𝑖
| 𝑥
𝑖
) =

𝑞

∏

𝑘=1

𝑃 (𝑌
𝑘

𝑖
| 𝑥
𝑖
, 𝑌
𝑃
1
(𝑘)

𝑖
, 𝑌
𝑃
2
(𝑘)

𝑖
, . . . , 𝑌

𝑃
𝑐𝑙
(𝑘)

𝑖
) ,

(20)

where 𝑃
𝑗
(𝑘) denotes the index set of the genes linked to the

𝑘th gene through the meta-path 𝑃
𝑗
∈ 𝑆
𝑙
. 𝑥
𝑖
denotes the

feature vector of node 𝑖 in the input space. 𝑌
𝑖
denotes the

association between a gene and a gene set. The set of all
candidate genes is denoted as 𝑉

𝑙
= {𝑙
1
, 𝑙
2
, . . . , 𝑙
𝑞
}, and 𝑌

𝑖
is

denoted as 𝑌
𝑖
= (𝑌
1

𝑖
, 𝑌
2

𝑖
, . . . , 𝑌

𝑞

𝑖
)
𝑇

∈ {0, 1}
𝑞. In the same way,

given a set of meta-paths among disease phenotype nodes
acting as instances, 𝑆

𝐼
= {𝑃


1
, . . . , 𝑃



𝑐𝐼
}, the meta-path-based

label correlations can be used as follows:

𝑃 (𝑌 | 𝑋) ≈ ∏

𝑖

𝑃 (𝑌
𝑖
| 𝑥
𝑖
, 𝑌
𝑝


1
(𝑖)
, . . . , 𝑌

𝑝


𝑐𝐼
(𝑖)
) , (21)
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(i) 𝑥
𝑙
= 𝐿𝑎𝑏𝑒𝑙𝑃𝑎𝑡ℎ𝐹𝑒𝑎𝑡𝑢𝑟𝑒(𝑙

𝑘
, 𝑌
𝑖
)

For each meta-path Ρ
𝑗
∈ 𝑆
𝐼
:

(1) Get related labels for node 𝑙
𝑘
through meta-path 𝑃

𝑗
.

(2) 𝑥
𝑖
= 𝐴𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑖𝑜𝑛 ({𝑌

𝑖
| 𝑖 ∈ 𝐶})

Return (. . . , 𝑥𝑇
𝑗
, . . .)
𝑇

(ii) 𝑥
𝐼
= 𝐿𝑎𝑏𝑒𝑙𝑃𝑎𝑡ℎ𝐹𝑒𝑎𝑡𝑢𝑟𝑒(𝑖, 𝑌)

For each meta-path Ρ
𝑗
∈ 𝑆
𝐼
:

(1) Get related labels for node 𝐼
𝑖
through meta-path 𝑃

𝑗
.

(2) 𝑥
𝑖
= 𝐴𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑖𝑜𝑛 ({𝑌

𝑖
| 𝑖 ∈ 𝐶})

Return (. . . , 𝑥𝑇
𝑗
, . . .)
𝑇

Algorithm 2: The function of construction relational features for meta-path-based label correlations and meta-path-based instance
correlations.

where 𝑃
𝑗
(𝑖) denotes the index set of disease phenotypes

linked to the 𝑖th disease phenotype through meta-path 𝑃
𝑗
∈

𝑆
𝐼
.
To performmultilabel collective classificationmore effec-

tively in heterogeneous information network, both meta-
path-based label correlations and meta-path-based instance
correlations are performed simultaneously:

𝑃 (𝑌 | 𝑋) ≈ ∏

𝑖

𝑞

∏

𝑘=1

𝑃(𝑌
𝑘

𝑖
| 𝑥
𝑖
, 𝑌
𝑝
𝑗
(𝑘)

𝑖
, . . . , 𝑌

𝑘

𝑝


𝑗
(𝑖)
) , (22)

where the gene is set as the label set, and the disease
phenotype is set as the instance set. On the contrary, the
disease phenotype is set as the label set, and the gene set is
as the instance set.

Some research has proposed algorithms based on multi-
label collective classification. We briefly introduce the mul-
tilabel collective classification algorithm called PIPL. The
algorithm roughly includes the following steps.

(1) Meta-path constructions: extracting all nonredun-
dant meta-paths for label correlations and instance
correlations.

(2) Training initialization: construction of 𝑞 extended
training sets for all 1 ≤ 𝑘 ≤ 𝑞, 𝐷

𝑘
= {(𝑥

𝑘

𝑖
, 𝑦
𝑘

𝑖
)}

by converting each instance 𝑥
𝑖
to 𝑥𝑘
𝑖
by using the

functions in Algorithm 2. Training one classifier on
each label by using the extended training sets.

(3) Iterative inference: the inference step is an itera-
tive classification algorithm. It updates the testing
instance label set predictions and the relational fea-
tures of label and instance correlations.

5. Evaluation Methods

A comprehensive comparison should be conducted among
these methods. In the next several paragraphs, we will
introduce some of the key comparisons for recognizing the
disease genes reported so far.

Cross-validation is the most frequently used approach in
evaluating these methods. However, this method is similar
to that used in a previous work, which performs leave-one-
out. Each of the known gene-disease phenotype associations

is taken as a test case, and a set of genes is assigned as
the negative control for each test case. In each round of
cross-validation, the disease phenotype is held out, a link
between the disease phenotype and one of the associated
genes is removed, and the link removed gene is added into
the test genes.The rank of the test genes is obtained according
to the recognizing methods. Several processing approaches
are available for the rank, such as the enrichment score,
setting a threshold, precision, recall, and receiver-operating
characteristic (ROC).

5.1. Enrichment Score. Suppose the number of test genes is
100. If a recognition disease gene method ranks the actual
disease gene as the highest and is sequenced first, then an
enrichment of 50-fold exists. The formula of the enrichment
score is Enrichment = 50/rank.

5.2. ROC Analysis. ROC analysis denotes the true-positive
rate (TPR) versus the false-positive rate (FPR) subject to the
threshold dividing the prediction classes.The TPR/FPR is the
rate of correctly/incorrectly classified samples of all samples
classified to the positive class. To evaluate the scores of disease
gene predictions, ROC is explained as a plot of the number
of the disease genes above the threshold versus the number
of the disease genes below the threshold. The area under
the ROC curve for each curve is calculated to compare the
different curves obtained by the ROC analysis.

5.3. Setting a Threshold. Concordance score is calculated for
each test gene. If the true disease gene ranks first based on the
concordance score, then the prediction is successful, and pre-
cision is used as the proportion of the successful predictions
among all predictions. Another evaluation approach is setting
a threshold, in which the highest score of all test genes in this
case is not less than the threshold. Thus, recall is the fraction
of true disease genes predicted among all disease genes.

6. Materials and Results

In the above section, several recognition disease gene meth-
ods and evaluation methods have been mentioned. This part
introduces the data used and the comparison results.
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Figure 2: Setting a threshold to compare recognition disease gene
methods.

Figure 2 [17] denotes the comparison of different recog-
nition methods by setting a threshold. In Figure 2, six
recognizing methods are shown, including Catapult, Katz,
ProDiGe, RWRH, PRINCE, and Degree. HumanNet gene
network, which is a part of the OMIM dataset, is the
dataset used to compare the different recognition methods.
Figure 2 shows that Katz and Catapult do better than the
others with the HumanNet gene network and the evaluation
method.

RWRH is compared with CIPHER-DN and CIPHER-SP.
The evaluation experiment is based on gene network contain-
ing 34,364 interactions between 8919 genes, the phenotypic
similarity matrix between 5080 phenotype entities calculated
by usingMimMiner, and 1428 gene-phenotype links between
937 genes and 1216 phenotype entities.The comparison result
is denoted by Figure 3 When 𝛾 = 0.7, 𝜆 = 𝜂 = 0.5, RWRH
successfully ranks 814 known disease genes as top 1.The result
is denoted by L001 in Figure 3. The column of L002 is the
result of removing a known gene-phenotype link and using
the phenotype and the rest of the disease genes associated
with this phenotype as seed nodes. The identification of
disease genes for phenotype from the genome is called ab
initio prediction. The ab initio method removes all the links
from a phenotype to disease genes and uses the phenotype
entity as seed node to run RWRH. If one of the disease genes
associated to the phenotype ranks top 1, then the prediction
is successful. The result of ab initio is shown in Figure 3.
From the L001, L002, and ab initio, RWRH is better than
CIPHER-SP and CIPHER-DN. Figure 4 denotes the result
of the comparison between RWR and RWRH. Leave-one-
out cross-validation is conducted for each disorder. In each
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Figure 3: The comparison of different methods.
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Figure 4: ROC curve of RWR and RWRH.

cross-validation, a disease gene is selected, and the links
between the phenotype entries and the disease gene are
removed. The rest of the disease genes and the phenotype
entry are used as seed nodes. The selected disease gene
and all disease genes in the artificial linkage are ranked by
RWRH and RWR. ROC analysis is used to evaluate the two
recognizing approaches.
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7. Conclusion

Identifying disease genes is one of the fundaments of medical
care and has been a goal in biology. Although traditional link-
age analysis and modern high-throughput techniques often
provide hundreds of disease gene candidates, identifying
disease genes in the candidate genes by using the biological
experiment method time-consuming and expensive. To deal
with the above issues, the methods based on networks have
been proposed. Many methods based on network have been
created to recognize disease genes. In this paper, five typical
algorithms based on networks, namely, CIPHER, PRINCE,
RWRH, Katz, and CATAPULT, are introduced in detail.

Some novel methods have been put forward to recognize
and prioritize disease genes. For instance, BRIDGE [39]
takes advantage of multiple regression models with penalty
to automatically weight different data sources. A researcher
employed the ensemble boosting learning technique to com-
bine variant computational approaches for gene prioritization
to improve overall performance [40].

Biological relationships are showed by networks, which
brings forth new ideas. A network can be used to denote
the association between genes and disease to recognize the
gene-disease phenotype and to obtain a more complete
understanding of the biological system. Networks have been
successfully used in biology. However, combining experi-
ments with networks results in the challenge of defining node
similarities. Different ways to define node similarity may lead
to different effects.

With the development of biology and the emergence of
a large number of relevant data, disease gene research based
on networks constantly matures. New machine learning
methods and technologies will be used to predict disease
genes. Research on disease gene recognition will achieve new
breakthroughs.The disease gene research will open a new era
of medical treatment.
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The capacity to predict and visualize all theoretically possible glycerophospholipid molecular identities present in lipidomic
datasets is currently limited. To address this issue, we expanded the search-engine and compositional databases of the online
Visualization and Phospholipid Identification (VaLID) bioinformatic tool to include the glycerophosphoinositol superfamily.
VaLID v1.0.0 originally allowed exact and average mass libraries of 736,584 individual species from eight phospholipid classes:
glycerophosphates, glyceropyrophosphates, glycerophosphocholines, glycerophosphoethanolamines, glycerophosphoglycerols,
glycerophosphoglycerophosphates, glycerophosphoserines, and cytidine 5-diphosphate 1,2-diacyl-sn-glycerols to be searched for
any mass to charge value (with adjustable tolerance levels) under a variety of mass spectrometry conditions. Here, we describe an
update that now includes all possible glycerophosphoinositols, glycerophosphoinositol monophosphates, glycerophosphoinositol
bisphosphates, and glycerophosphoinositol trisphosphates. This update expands the total number of lipid species represented in
the VaLID v2.0.0 database to 1,473,168 phospholipids. Each phospholipid can be generated in skeletal representation. A subset of
species curated by theCanadian Institutes ofHealth Research Training Program inNeurodegenerative Lipidomics (CTPNL) team is
provided as an array of high-resolution structures. VaLID is freely available and responds to all users through the CTPNL resources
web site.

1. Introduction

The emerging field of lipidomics seeks to answer two seem-
ingly simple questions: How many lipid species are there?
What effect does lipid diversity have on cellular function? To
address these questions, lipidomics requires a comprehensive
assessment of cellular, regional, and systemic lipid home-
ostasis. This assessment expands beyond lipid profiling to
include the transcriptomes and proteomes of lipid metabolic

enzymes and transporters, as well as that of the protein
targets that affect downstream lipid signalling [1]. Lipidomic
analyses also encompass an unbiasedmechanistic assessment
of lipid function ranging from the physicochemical basis of
lipid behaviour to lipid-protein and lipid-lipid interactions
triggered by intrinsic and extrinsic stimuli [1]. The first
step, however, lies in identifying the molecular identities
of the lipid constituents in different membrane compart-
ments.
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Recent technological advances in electrospray ioniza-
tion (ESI) and matrix-assisted laser desorption ionization
(MALDI) mass spectrometry (MS), coupled to high per-
formance liquid chromatography (LC), allow lipid diver-
sity and membrane composition to be quantified at the
molecular level [4–7]. Thousands of unique lipid species
across the six major lipid structural categories in mam-
malian cells (fatty acyls, glycerolipids, glycerophospholipids,
sphingolipids, sterol lipids, and prenol lipids) and two lipid
categories synthesized by other organisms (saccharolipids
and polyketides) can now be identified using LC-ESI-MS
and, in some cases, MALDI-MS imaging [1, 4, 8]. Yet,
with these successes come new challenges. Turning raw MS
spectral data into annotated lipidomic datasets is a time-
consuming, labour-intensive, and highly inefficient process.
Predicting identities of “new” species, not previously curated,
is exceedingly difficult. Lipidomic investigations lack essen-
tial bioinformatic tools capable of enabling automated data
processing and exploiting the rich compositional data present
in MS lipid spectra.

The critical first step is to unambiguously assign molec-
ular identities from the MS structural information present
in large lipidomic datasets [9]. Where genomics and pro-
teomics capitalize on sequence-based signatures, lipids lack
such easily definable molecular fingerprints. Identities must
be reconstructed by analysis of (a) lipid mass to charge
(m/z) ratios following “soft” ionization ESI and MALDI
techniques and (b) defining fragmentation patterns obtained
after collision-induced dissociation in various MS modes
[7]. Once these molecular identities are predicted, further
information about stereospecificity of critical species can
then be assessed (e.g., by tandem MS, analysis of lyso-form
fragment ions, and product ion spectral evaluation) [10–13].
For example, membrane phospholipids are derivatives of sn-
glycero-3-phosphate with (a) an acyl, an alkyl (ether-linked
plasmanyl), or an alkenyl (alkyl-1-enyl, vinyl ether-linked
plasmenyl) carbon chain at the sn-1 position; (b) a long-
chain fatty acid that is usually esterified to the sn-2 position;
and (c) a polar headgroup composed of a nitrogenous base,
a glycerol, or an inositol unit modifying the phosphate
group at the sn-3 position. The polar head group defines
membership in one of 20 different phospholipid classes (e.g.,
glycerophosphoserines (PS), glycerophosphoethanolamines
(PE), glycerophosphocholines (PC), glycerophosphoinositols
(PI), etc.) [14]. Molecular species are further distinguished
by individual combinations of carbon residues (chain length
and degree of unsaturation) and the nature of each sn-1 or
sn-2 chemical linkage (acyl, alkyl, or alkenyl) to the glycerol
backbone. PI(18:0/22:6), for example, defines a lipid with
a phosphoinositol polar head group (PI), a fully saturated
18 carbon chain (referred to as :0) ester-linked at the sn-
1 position, and a 22 carbon chain which is characterized
by six unsaturations (indicated by :6) ester-linked at the sn-
2 position (Figure 1). Immediate PI metabolites (PIPx) are
then produced by carbon-specific phosphorylation of the PI
headgroup with unique fatty acyl, alkyl, and/or alkenyl sn-
1 and sn-2 chains (Figures 1 and 2). The tight regulation of
PI metabolism and its critical impact on cellular function

clearly underlines the importance of these compositional
changes (Figure 1). Yet, to date, biological significance of the
astonishing number of potentially unique PIs and PIPxs is
unknown. This is primarily due to the challenges associated
with unambiguous compositional identification of PIs and
PIPxs in biological membranes [1, 15–19].

Key advances in lipidomic bioinformatics have been led
by the LIPID MAPS consortium both in the development
of online spectral databases and the reorganization of lipid
class ontologies [14, 20]. These toolsets and classification
systems have recently been complemented by the in silico
generation of a searchable library of all theoretically possible
MS/MS lipid spectra in different ionization modes (Lipid-
Blast) [21]. Such fundamental toolkits are supported by a
growing compendium of targeted spectral tools, reviewed
in [6, 7, 20, 22]. Few existing bioinformatic resources,
however, provide necessary information on all potential acyl
chain inversions (e.g., sn-1 versus sn-2), critical phospholipid
linkages that define lipid function, or theoretically possible
double bond positions for every possible species. To address
this need, we have developed Visualization and Phospholipid
Identification (VaLID)—a web-based application linking a
user-friendly online search engine, structural composition
database, and multiple visualization features—that is capable
of providing users with all theoretically possible phospho-
lipids calculated from any m/z under a variety of MS condi-
tions. VaLID version 1.0.0 was initially restricted to 736,584
unique PS, PE, PC, glycerophosphate (PA), glyceropyrophos-
phate (PPA), glycerophosphoglycerol (PG), glycerophospho-
glycerophosphate (PGP), and cytidine 5-diphosphate 1,2-
diacyl-sn-glycerol (CDP-DG) identities (Table 1) [22]. At first
release, we did not include the PI family or their bioactive
PIPx metabolites given the significant challenges associated
with automating the visualization of all theoretically possible
combinations of sn-1 and sn-2 carbon chain lengths, linkages,
and variations in phosphorylation of the phosphoinositol
head group. Here, we address this deficit through the devel-
opment ofVaLIDversion 2.0.0, now codedwith an exhaustive
PI and PIPx database, capable of computing and visualiz-
ing a total of 1,473,168 theoretically possible phospholipids
predicted from any user-inputted m/z value and MS condi-
tion. VaLID version 2.0.0 is freely available for commercial
and noncommercial use at http://neurolipidomics.ca and
http://neurolipidomics.com/resources.html.

2. Materials and Methods

2.1. Programming Language and Packages. VaLID version
2.0.0. was developed using Oracle’s Java programming lan-
guage version 6 and external Java libraries from JExcelApi and
structures are displayed within the program by ChemAxon’s
Marvin View 5.5.1.0. software. The code was written using
the IDE Eclipse Kepler, and packaged using the Fat Jar
Eclipse version 0.0.31 plugin. VaLID is a web-based Java
applet, and thus it requires that Java be both installed and
enabled on a user’s web browser. The most recent Java
security update is recommended, and can be downloaded
from http://www.oracle.com/technetwork/java/index.html.
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Figure 1: Glycerophosphoinositol (PI) metabolism to PI phosphates (PIPx). (a) Metabolism of membrane PIs to bioactive PIPx second
messengers. The molecular identity of each species, defined by carbon chain length and linkage to the glycerophospholipid backbone,
is predicted to affect signalling specificity in addition to known effects of PI headgroup phosphorylation. (b) Phosphorylation of PIPx
species regulates the localization of different PI-binding proteins and targets them to specific organelles (i.e., lipid-protein interaction).
Phosphorylation status and carbon chain length dictate localization and likely restrict functions. Together, structural PIs and their PIPx
second messengers regulate vesicular fusion, exocytosis, and endocytosis as reviewed in (and adapted from) [2, 3].
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Figure 2: Component and composite structural PI and PIPx features used to calculate masses. Exact and average masses for all theoretically
possible PI and PIPx species were calculated from the masses of every component possibility: (top panel) the phosphoglycerol backbone, (left
panel) sn-1 and sn-2 hydroxyl residues (lyso-lipids) and sn-1 and sn-2 fatty chains ranging from 0 to 30 carbons with up to six unsaturations,
considering ester, ether, or vinyl ether linkages to the phosphoglycerol backbone, and (right panel) PI polar headgroups and all biologically
relevant phosphorylation possibilities. The bottom panel provides one composite PI example.
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Table 1: Total number of species from each subclass that is included in VaLID.

Phospholipid subclass LIPIDMAPS classification Abbreviation Number of species∗

Glycerophosphates GP10 PA 92073
Glyceropyrophosphates GP11 PPA 92073
Glycerophosphocholines GP01 PC 92073
Glycerophosphoethanolamines GP02 PE 92073
Glycerophosphoglycerols GP04 PG 92073
Glycerophosphoglycerophosphates GP05 PGP 92073
Glycerophosphoinositols GP06-09 PI, PIPx 736584
Glycerophosphoserines GP03 PS 92073
Cytidine 5-diphosphate glycerols GP13 CDP-DG 92073

Total 1473168
∗The calculated number of species does not include lipids formed by changing the position of the double bond beyond those represented in VaLID’s structural
models. Each lipid m/z has been calculated for exact and average masses and can be searched using even and odd carbon chains with mass tolerance ranging
from ±0.0001 to ±2 and MS ion modes [M + H]+, [M + K]+, [M + Li]+, [M + Na]+, [M – H]−, or [M (Neutral)].

2.2. The PI and PIPx Compositional Database. Briefly, the
underlying database contains masses of all theoretically
possible PI and PIPx species calculated from both exact and
average atomic masses [23]. Component structural masses
were first established for: (a) the glycerol backbone, (b) PI
polar headgroups with all phosphorylation possibilities, (c)
sn-1 and sn-2 hydroxyl residues (lyso-lipids), (d) sn-1 and sn-2
fatty chains ranging from0 to 30 carbonswith up to six unsat-
urations, considering (e) ester, ether, or vinyl ether linkages
to the phosphoglyceride backbone (Figure 2). Composite
masses were then calculated for every theoretically possible
combination. Thus, the underlying database includes all PIs,
as well as every acyl, alkyl, and alkenyl variant, for every
carbon chain and double bond position, of all mono- (PIP),
bis- (PIP

2
), and tris- (PIP

3
) phosphorylated PI headgroups

modified on the hydroxyl group of carbons 3, 4, and/or 5.

2.3. PI and PIPx Structural Visualizations. We have updated
the automated representation drawing feature of VaLID to be
able to draw all theoretically possible PI and PIPx molecular
identities. Structures have been restricted to display only cis
double bonds separated by a minimum of two carbons. To
achieve this goal, the basic structure of the PI backbone was
created manually and the atom placement corrected math-
ematically to match known structures. Slight adjustments
to atom placement were further made to improve visibility.
The locations of each atom in the headgroup were then
established on a Cartesian plane and coded into the software.
The automated drawing feature update was integrated into
the database and search functions, allowing all PI and PIPx to
be visualized on demand. Chemical structures are displayed
using ChemAxon’s MarvinView software (Marvin 5.5.1.0,
2011, http://www.chemaxon.com).

3. Results and Discussion

PI and PIPx are derivatives of sn-glycero-3-phosphate with
(a) an acyl, an alkyl (ether-linked plasmanyl), or an alkenyl
(alkyl-1-enyl, vinyl ether-linked plasmenyl) carbon chain;

(b) a fatty acid commonly esterified but also with possible
alkyl or alkenyl linkages to the sn-2 position; and (c) a
polar headgroup composed of an inositol unit modifying
the phosphate group at the sn-3 position. Individual species
are distinguished by their particular combination of carbon
chains (chain length and degree of unsaturation) and by the
nature of their sn-1 or sn-2 chemical linkages (acyl, alkyl,
or alkenyl). PI[3, 4, 5]P

3
(O-16:0/20:4), for example, defines a

lipid species with a phosphoinositol polar head group (PI)
phosphorylated at the 3rd, 4th, and 5th carbon positions, an
ether linkage at the sn-1 position (O-), 16 carbons at the sn-
1, and 20 carbons at the sn-2 positions, of which the sn-1
chain is fully saturated. The number of possible structural
and biochemical combinations results in colossal structural
diversity; however, PIPx lipids account for less than 15 percent
of the total phospholipid composition in eukaryote cells [24].
The molecular identities of these critical species have yet
to be determined in different lipidomes despite emerging
evidence that differences in carbon chain length, linkage, and
phosphorylation status fundamentally alter biological activity
[1, 15–19] (Figure 1).

Here, we enhanced VaLID’s capacity to (a) predict identi-
ties of glycerophosphoinositol species present in MS spectra
from m/z under user-defined MS conditions and (b) auto-
matically visualize every theoretically possible PI molecular
species at given m/z. The updated VaLID interface, showing
all of the available search terms, is presented in Figure 3.
Since its inception, VaLID was designed to be a compre-
hensive glycerophospholipid database linking a convenient
search engine with visualization features for identification
and dissemination of large-scale lipidomic datasets. The
intent of this tool was to aid in lipid discovery obtained
throughmultiple MSmethodologies and significantly reduce
the time required to validate critical phospholipid identities
present in target lipidomes. The program initially contained
eight phospholipid subclasses, excluding the PI subfamily.
In VaLID version 2.0.0, this capacity is now expanded
to all theoretically possible PI and PIPx glycerophospho-
lipids and comprises a total of 1,473,168 unique structures.
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Figure 3: VaLID 2.0.0 interface. The new PI and PIPx search options are shown for the VaLID interface’s drop down menu. Each member of
the PI family can be searched individually, as well as in various combinations. PIPx refers to phosphoinositol mono-, bis-, or tris-phosphate,
and can be searched with, or without, PIs.

These additions are meant to provide lipidomic researchers
with the additional tools necessary to mine their lipidomes
for PI and PIPx species with specific m/z under their par-
ticular MS experimental conditions including the ion mode
and the lipid subclass. Due to the complexity of the PI
superfamily, and to accelerate searching, users can restrict
searches to subclasses (PI, PIPx) or sub-subclasses (PI, PI[3]P,
PI[4]P, PI[5]P, PI[3, 4]P

2
, PI[3, 5]P

2
, PI[4, 5]P

2
, PI[3, 4, 5]P

3
).

For example, if the option PI[3, 4]P
2
is chosen, all molecular

species with an inositol backbone phosphorylated only at the
3rd and 4th carbon positions will be provided and VaLIDwill
not return any related PI[3, 5]P

2
or PI[4, 5]P

2
species. The PI

+PIPx option restricts searches to the entire PI superfamily
excluding other phospholipid families. The “All without the
PIPx” option returns all of the phospholipids in the database
including PI structural precursors with the exception of PIPx
metabolites. Finally, the “All” option returns results from
every headgroup. When more than one headgroup is being
searched, the program will let the user know how many
headgroups have been loaded, and how many are remaining
to be loaded.

With respect to the visualization features for PIP or
PIP
2
, the program will draw the phosphate groups on the

inositol ring in the locations that the user specified from
the dropdown menu for lipid species selected. As with the
other subclasses, choosing the “Display All” button will
draw all the theoretically possible structures associated with

the selected lipid name. Potential variants in degrees of
unsaturation are drawn sequentially in every location along
the fatty acid chain, separated by at least two carbons, and
in cis configuration. An example of this can be seen in
Figure 4. If the selected lipid meets criteria for the “Best
Prediction,” selecting this option will return only the lipids in
VaLID’s “Predicted to be Common” database. These species
are categorized based on the relative abundance of prevalent
fatty acid chains in mammalian cells [25].

4. Conclusions

VaLID is, to our knowledge, the first search engine that
has an exhaustive m/z and visualization database of all
the theoretically possible glycerophospholipids updated here
from eight to twelve of the twenty phospholipid subclasses
defined by the LIPID MAPS Consortium [26]. The purpose
of this update is to facilitate prediction and visualization of
the identities of all unknown species, now including all PIs
and their metabolites, with givenm/z and MS condition that
may be present in users’ lipidomes.
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Figure 4: Automated drawing feature of VaLID 2.0.0. An example of a search button, returning all possible PI and PIPx lipids with m/z of
642 (exact mass with a user-defined tolerance of 1 amu), restricted to displaying even carbon chains only, and selecting [M+H]+ ion mode in
MS (back panel). The user then selected PI[4, 5]P

2
(10:4/0:0) and its sn-1/sn-2 chain inversion species and pressed “Display All” button. The

window labelled “Possible Lipid Structures Include” displays a table containing the possible structures for this lipid, with the restrictions as
laid out in the user manual (inset). These drawings can be easily exported for use in publication figures as described in the user manual.
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formatics and computational methods for lipidomics,” Journal
of Chromatography B, vol. 877, no. 26, pp. 2855–2862, 2009.



8 BioMed Research International

[10] W. Hou, H. Zhou, M. B. Khalil, D. Seebun, S. A. L. Bennett, and
D. Figeys, “Lyso-form fragment ions facilitate the determina-
tion of stereospecificity of diacyl glycerophospholipids,” Rapid
Communications in Mass Spectrometry, vol. 25, no. 1, pp. 205–
217, 2011.

[11] J. C. Smith, W. Hou, S. N. Whitehead, M. Ethier, S. A. L.
Bennett, and D. Figeys, “Identification of lysophosphatidyl-
choline (LPC) and platelet activating factor (PAF) from PC12
cells and mouse cortex using liquid chromatography/multi-
stage mass spectrometry (LC/MS3),” Rapid Communications in
Mass Spectrometry, vol. 22, no. 22, pp. 3579–3587, 2008.

[12] S. N. Whitehead, W. Hou, M. Ethier et al., “Identification
and quantitation of changes in the platelet activating factor
family of glycerophospholipids over the course of neuronal
differentiation by high-performance liquid chromatography
electrospray ionization tandem mass spectrometry,” Analytical
Chemistry, vol. 79, no. 22, pp. 8539–8548, 2007.

[13] C.-H. Tang, P.-N. Tsao, C.-Y. Chen, M.-S. Shiao, W.-H. Wang,
and C.-Y. Lin, “Glycerophosphocholine molecular species pro-
filing in the biological tissue using UPLC/MS/MS,” Journal of
Chromatography B, vol. 879, no. 22, pp. 2095–2106, 2011.

[14] E. Fahy, D. Cotter, M. Sud, and S. Subramaniam, “Lipid
classification, structures and tools,” Biochimica et Biophysica
Acta, vol. 1811, no. 11, pp. 637–647, 2011.

[15] U. Igbavboa, J. Hamilton, H.-Y. Kim, G. Y. Sun, and W. G.
Wood, “A new role for apolipoprotein E: modulating transport
of polyunsaturated phospholipid molecular species in synaptic
plasma membranes,” Journal of Neurochemistry, vol. 80, no. 2,
pp. 255–261, 2002.

[16] M. J. Sharman, G. Shui, A. Z. Fernandis et al., “Profiling brain
and plasma lipids in human apoe 𝜀2, 𝜀3, and 𝜀4 knock-in mice
using electrospray ionization mass spectrometry,” Journal of
Alzheimer’s Disease, vol. 20, no. 1, pp. 105–111, 2010.

[17] R. B. Chan, T. G. Oliveira, E. P. Cortes et al., “Comparative
lipidomic analysis of mouse and human brain with Alzheimer
disease,”The Journal of Biological Chemistry, vol. 287, no. 4, pp.
2678–2688, 2012.

[18] P. H. Axelsen and R. C. Murphy, “Quantitative analysis of
phospholipids containing arachidonate and docosahexaenoate
chains in microdissected regions of mouse brain,” Journal of
Lipid Research, vol. 51, no. 3, pp. 660–671, 2010.

[19] S. Osawa, S. Funamoto, M. Nobuhara et al., “Phosphoinosi-
tides suppress 𝛾-secretase in both the detergent-soluble and -
insoluble states,” The Journal of Biological Chemistry, vol. 283,
no. 28, pp. 19283–19292, 2008.

[20] E. Fahy, D. Cotter, R. Byrnes et al., “Bioinformatics for
Lipidomics,” Methods in Enzymology, vol. 432, pp. 247–273,
2007.

[21] T. Kind, K. H. Liu, Y. Lee do et al., “LipidBlast in silico tandem
mass spectrometry database for lipid identification,” Nature
Methods, vol. 10, no. 8, pp. 755–758, 2013.

[22] A. P. Blanchard, G. S. McDowell, N. Valenzuela et al., “Visu-
alization and Phospholipid Identification (VaLID): online inte-
grated search engine capable of identifying and visualizing
glycerophospholipids with given mass,” Bioinformatics, vol. 29,
no. 2, pp. 284–285, 2013.
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Using bioinformatics software and database, we have characterized the microsatellite pattern in the V. volvacea genome and
compared it with microsatellite patterns found in the genomes of four other edible fungi: Coprinopsis cinerea, Schizophyllum
commune, Agaricus bisporus, and Pleurotus ostreatus. A total of 1346 microsatellites have been identified, with mono-nucleotides
being the most frequent motif. The relative abundance of microsatellites was lower in coding regions with 21No./Mb. However,
the microsatellites in the V. volvacea gene models showed a greater tendency to be located in the CDS regions. There was also a
higher preponderance of trinucleotide repeats, especially in the kinase genes, which implied a possible role in phenotypic variation.
Among the five fungal genomes, microsatellite abundance appeared to be unrelated to genome size. Furthermore, the short motifs
(mono- to tri-nucleotides) outnumbered other categories although these differed in proportion. Data analysis indicated a possible
relationship between the most frequent microsatellite types and the genetic distance between the five fungal genomes.

1. Introduction

Volvariella volvacea, the Chinese straw mushroom, is an
edible, straw-degrading, basidiomycetous fungus that has
been cultivated for over 300 years. Currently ranked third
in terms of production worldwide [1, 2], this mushroom
has commercial importance that continues to increase due
to its delicious flavor and texture, nutritional attributes,
medicinal properties, and short cultivation cycle. V. volvacea
is rich in protein, essential amino acids, vitamin C, and
other bioactive components [3, 4]. According to traditional
Chinese medicine, consuming the mushroom is good for the
liver [5] and stomach, relieves summer heats, and enriches
milk production in women following childbirth. Further-
more, antioxidants from V. volvacea are reported to enhance
immunity, reduce cholesterol levels, and prevent atheroscle-
rosis [6]. V. volvacea also plays an important ecological
role by degrading the various agricultural wastes such as
rice and wheat straw, cottonseed hulls, sugar cane bagasse,

oil palm pericarp, banana leaves, and other carbonaceous
materials used for cultivation [3, 7]. However, in spite of these
nutritional, medicinal, and environmental benefits, relatively
little is known about themolecular biology of thismushroom.

Microsatellites, also known as simple sequence repeats
(SSRs) or short tandem repeats (STRs), are 1–6 base-
pair nucleotide motifs, repeated in tandem at least five
times. They are distributed in both coding and noncoding
regions of eukaryotic and prokaryotic genomes [8, 9] and
exhibit high levels of polymorphism. Since the late 1980s,
many microsatellites have been used as genetic makers for
species identification [10] and classification and in genome
fingerprinting and mapping studies [11–14]. Subsequent
research has revealed that microsatellites are involved in
gene regulation, and organism development and evolution
[15, 16]. In most cases, the effects of microsatellites are
determined by their genomic location. For example, muta-
tions to microsatellites located in coding and promoter
regions lead to phenotype modification [17–20], while in
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Figure 1

5-untranslated regions (5-UTRs) they affect gene transcrip-
tion or regulation. In intron regions, microsatellite mutations
impact gene transcription, regulation, mRNA splicing, and
gene silencing, and in 3-UTRs they are involved in gene
silencing and transcription slippage [16, 21]. Moreover, since
the frequency of these elements in genomes is proportional
to the genome coverage, they can help explain how genomes
are organized [11]. However, there are major drawbacks
associated with microsatellite research including the time
and costs associated with isolating microsatellites from the
whole genome [22], a process that involves the screening of
small insert genomic DNA libraries or the construction of
SSR-enriched libraries [23]. However, our previous research
into the degradation and sexual reproduction mechanisms
adopted by V. volvacea has resulted in the sequencing of the
whole genome [1], thereby facilitating genome-wide analyses
of microsatellite distribution.

In this study, the entire genome of a monokaryotic
V. volvacea strain (V23-1) has been screened to determine
the distribution and density of microsatellites in different
genomic regions. Particular emphasis has been given to
microsatellites located in genes with molecular functions,
and microsatellites in the V. volvacea genome have also
been compared with those present in the genomes of four
other edible fungi. For this purpose, we designed 100 primer
pairs based on identified microsatellites loci used for genetic
mapping. Our data will serve to establish the functional and
evolutionary significance of these sequences and contribute
to their future use as molecular markers.

2. Materials and Methods

The complete genome sequence of V. volvacea strain
V23 was downloaded from the FTP site of GenBank.

Information relating to the location of the gene mod-
els, introns, coding sequences (CDSs), 5-untranslated-(5-
UTRs), 3-untranslated-(3-UTRs), and intergenic regions
were obtained from the V. volvacea genome study group. 5-
UTRs are defined as the sequence located between a tran-
scription start point and the beginning of the start codon
of the transcript. 3-UTRs are defined as the sequence
between the stop codon and the last base of the transcript.
Except introns, CDSs and UTRs, all the other regions in
the genome are classified as intergenic regions. Coprinus
cinereus, Schizophyllum commune, Agaricus bisporus, and
Pleurotus ostreatus genome sequences used in this study
(Table S1) (See Supplementary material available online
at http://dx.doi.org/10.1155/2014/281912) were downloaded
from the Joint Genome Institute (JGI) website.

MISA software (http://pgrc.ipk-gatersleben.de/misa/)
was used to locate and identify both perfect microsatellites
and compound microsatellites interrupted by a certain
number of bases. Mono- to hexanucleotide microsatellite
motifs were identified using the following default parameters:
mono- with at least 10 repeats; di- with at least six repeats;
tri-, penta-, and hexa- with at least five repeats; themaximum
number of bases between two microsatellites was 100 bp.
[18, 24]. Unit patterns of repeats with circular permutations
were considered as one type for statistical analysis. The
same conditions were used to identify microsatellites in
all the genome assemblies [25, 26]. To more accurately
compare all the repeat types existing in different genomic
regions, the relative abundance (mean of the number of
microsatellites per Mb of the sequence analyzed) and the
relative density (mean of the microsatellite length in bp per
Mb of the sequence analyzed) were calculated separately
[27]. Since longer microsatellites may display higher levels of
polymorphism, primers for these loci were designed using
the Primer3 software (http://frodo.wi.mit.edu/primer3/).

Genemodels havingmicrosatellites in exons, introns, and
UTRs were isolated and then scanned for InterPro domains
and gene ontology (GO) annotation. The latter was used to
assign each gene-encoded protein to one of the three defined
categories (molecular function, biological process, or cellular
component), and WEGO (Web Gene Ontology Annotation
Plot) [28] was used to plot the GO annotation data.

3. Results

3.1. Identification and Location of Microsatellites in the V. vol-
vacea Genome. The V. volvacea genome contained a total of
1346 microsatellites, with a relative abundance of 38 micro-
satellites per Mbp (Table 1). Microsatellites with periods
ranging from 1 to 6 (i.e., mono- to hexa-) accounted for 57.4%
(773), 8.2% (110), 29.7% (400), 1.4% (19), 1.0% (14), and 2.2%
(30) of the total, respectively. From these, 100 microsatellite
loci were selected and 100 primers were designed accordingly
(Table S2).

The entire genome (35.72Mb) was divided into five
regional types consisting of 5UTRs (0.69Mb), CDSs
(17.42Mb), introns (5.71Mb), 3UTRs (1.6Mb), and
intergenic (10.31Mb). Microsatellites were more numerous
in the intergenic regions with a relative abundance of
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Table 1: Number, percentage, and relative abundance of microsatellites in the different regions of the V. volvacea genome.

5


UTR CDS Introns 3


UTR Intergenic regions Total
Genome size/Mb 0.69 17.42 5.71 1.61 10.31 35.72
Percentage of the genome 1.93 48.77 15.99 4.51 28.86 100
Mono No. 8 32 231 49 453 773

% 1.03 4.14 29.88 6.34 58.60 100
No./Mb 12 2 40 30 44 22

Di No. 1 16 21 2 70 110
% 0.91 14.55 19.09 1.82 63.64 100
No./Mb 1 1 4 1 7 3

Tri No. 6 299 29 15 51 400
% 1.5 74.75 7.25 3.75 12.75 100
No./Mb 9 17 5 9 5 11

Tetra No. 2 — 3 2 12 19
% 10.53 — 15.79 10.53 63.16 100
No./Mb 3 — — 1 1 1

Penta No. — 2 4 4 4 14
% — 14.29 28.57 28.57 28.57 100
No./Mb — — 1 2 — 0

Hexa No. — 16 4 2 8 30
% — 53.33 13.33 6.67 26.67 100
No./Mb — 1 1 1 1 1

All SSRs No. 17 365 292 74 598 1346
% 1.26 27.12 21.69 5.50 44.43 100
No./Mb 25 21 51 46 58 38

58No./Mb (Table 1). Over 50% of the mono-, di-, and
tetranucleotides were located in the intergenic regions,
whereas tri- and hexanucleotides appeared more frequently
in the CDSs. Pentanucleotide microsatellites were fairly
evenly distributed within the CDSs, introns, 3UTRs, and
intergenic regions. No penta- and hexanucleotides were
found in the 5UTRs, and no tetranucleotides were found in
CDSs.

The fourteen most abundant microsatellite types
(≥10motifs) detected in the V. volvacea genome constituted
94.7% of the total (Figure 1). A/T occurred at the highest
frequency (51.6%), followed by ACC/GGT (9.34%), and
C/G (9.11%). With the exception of the mononucleotide
motifs, the majority of these most abundant microsatellites
motifs were repeated less than 10 times. Only 13 (1%)
microsatellite motifs exhibited a large repeat number.
Trinucleotides were the primary types among the above
fourteen most abundant microsatellites types, but their
distribution was highly variable with a wide range (from
0.86% to 9.34%) of frequencies. In addition, there were
fifteen tetranucleotide types, twelve pentanucleotide types
and twenty-five hexanucleotide types identified within the
whole genome, but none of these contained more than
ten different motifs. Among the fourteen most abundant
microsatellites types (Figure 1), the longest motifs were
T (61 bp), CAC (42 bp), GAG (39 bp), TGA (30 bp), AAT
(27 bp), AAG (24 bp), ACG (24 bp), TCA (24 bp), CTG
(24 bp), AT (22 bp), C (21 bp), AG (20 bp), CCG (18 bp), and
GT (14 bp), respectively.

3.2. Distribution of Microsatellites in the V. volvacea Gene
Models and Functional Properties of the Genes Containing
Microsatellites. Of the 11084 genes identified in the whole
genome of V. volvacea, 649 (5.9%) contained 748 microsatel-
lites, with 72 of these containing more than one microsatel-
lite. The relative abundance of microsatellites in the gene
models was 29 No./Mb. Altogether, 365 microsatellites were
detected in the CDSs of 323 genes (2.9% of the total),
contributing 27.1% of the total in the entire V. volvacea
genome. Trinucleotides (299) were the most abundant cate-
gory (81.9%) in all the gene models and, with the exception
of themononucleotidemicrosatellites, the trinucleotide CAC
was the most frequent (with 35motifs), followed by CAG
(24motifs), GAC (20motifs), and CCA (16motifs). All these
motifs encoded aliphatic amino acids such as valine, leucine,
and glycine. InterPro and KEGG database scanning revealed
that, of the 649 gene models containing microsatellites, 365
contained at least one known domain, 190 participated in a
biological pathway, and 147 had been annotated definitively.
These genes encoded proteins including cytochrome P450
monooxygenases, carbohydrate-degrading enzymes, kinases,
dehydrogenases, and transport proteins. Thorough analysis
of the microsatellite distribution and motif type among the
147 annotated genes revealed that the microsatellites were
more frequent within the CDS regions of the kinase genes
and that trinucleotides were the most abundant motif (Table
S3). However, these conditions did not apply to other gene
categories. In terms of molecular function, the annotated
genes included three with electron carrier activity, 23 with
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catalytic activity, five involved in binding, two with struc-
tural molecule activity, and two with transporter activity
(Table 2). Some genes contained more than one microsatel-
lite. For example, four different types of microsatellite motifs,
(GAC)5, (GCT)5, (GAC)5, and (CCGCAC)6, were detected
in the CDS of the CAMK/CAMK1 protein kinase gene. The
Ca2+ transporting ATPase gene also contained four micro-
satellites, three in the CDS and one in the intron regions,
while two or threemicrosatellites were identified in either the
CDS or intron regions of other genes.

The whole genome of V. volvacea and the genes having
microsatellites were categorized on the basis of their homol-
ogous gene function by the Gene Ontology Consortium.
Gene ontology numbers for the best homologous hits were
used to determine molecular function, cellular component,
and biological process ontology for these sequences. An
inferred putative gene ontology annotation was found for
5161 genes in the genome, of which only 320 (254 associated
with cellular components, 243 with biological processes, and
242 with molecular function) contained microsatellite loci.
The GO terms in the three ontologies of the whole genome
totaled 105, with 73 in the genes having microsatellites. In
the cellular component ontology, the cell (76.2% in whole
genome and 79.4% in genes containing microsatellites) and
the cell part (76.2% and 79.4%) were the two main types of
GO term, followed by the organelle (56.8% and 60.9%) and
organelle part (30.8% and 38.8%). In the biological process
ontology, cellular process (69.9%, 75.9%) and metabolic
process (70.1%, 68.8%) were the two main GO terms, and
in the Molecular Function ontology, the functions of the
major components were binding (65.5%, 75.6%) and cat-
alytic activity (58.8%, 52.5%). Compared with the whole
genome, some GO terms were not present in genes having

microsatellites, including cell apex (GO:0045177), exter-
nal encapsulating structure (GO:0044462), intracellular
immature spore (GO:0042763), protein serine/threonine
phosphatase complex (GO:0008287), synapse (0045202),
nutrient reservoir activity (GO:0045735) and locomotion
(GO:0040011), (Figure 2). Most of the absent GO terms were
concentrated in the cellular component ontology.

3.3. Comparison of Microsatellite Distribution in the Genomes
of V. Volvacea and Four Other Edible Fungi. The number and
types of microsatellites in the V. volvacea genome and four
other fully sequenced edible fungal genomes that varied in
size from 30.2Mb (Agaricus bisporus) to 38.6Mb (Schizo-
phyllum commune) were compared (Table 3). Microsatellite
content in these species was not directly proportional to the
size of the genome since A. bisporus contained the highest
number (3134, relative abundance 103.8 per Mbp) compared
with only 1206 in S. commune (relative abundance 31.2 per
Mbp). The C. cinereus and P. ostreatus genomes contained
2050 and 1314microsatellites, respectively.However, although
V. volvacea and P. ostreatus showed the same relative abun-
dance of microsatellites (38 per Mbp), the relative densities
were different because the total length of microsatellites
in P. ostreatus was longer. Yet, based on the comparison
of microsatellites in the wholegenomes, the microsatellite
content in the V. volvacea genome exhibited closer similarity
to P. ostreatus and S. commune than to the A. bisporus and C.
cinereus.

The five fungal genomes exhibited considerable dif-
ferences with respect to the number, relative abundance,
and relative density of mono-, di-, tri-, tetra-, penta-, and
hexanucleotides (Table 4, Figure 3). For example, mononu-
cleotide motifs outnumbered all other microsatellite classes
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Table 2: Microsatellites in the gene models with some molecular functions in V. volvacea.

Molecular function Gene product Location

Electron carrier activity
CYP547B1 Intron
CYP5080B3b Intron
CYP627A1 Intron

Catalytic activity

Nonribosomal peptide synthetase 12 Intron
Protoporphyrinogen oxidase Intron
Glycoside hydrolase family 13 protein CDS
ATP citrate lyase isoform 2 3



UTR
Adenylate cyclase CDS
Xylanase CDS
Pyruvate dehydrogenase CDS
Modular protein with glycoside hydrolase family 13 and glycosyltransferase family 5
domains Intron

long-chain-fatty-acid-CoA ligase 3


UTR
Glycoside hydrolase family 18 protein CDS, intron
Glycoside hydrolase family 15 protein Intron
Glycoside hydrolase family 35 protein Intron
AMP dependent CoA ligase Intron
Serine palmitoyltransferase 2 CDS
IMP dehydrogenase CDS, intron
Trehalase Intron
DNA helicase CDS
Exo-beta-1,3-glucanase Intron
Glycoside hydrolase family 10 and carbohydrate-binding module family 1 protein Intron
Potassium/sodium efflux P-type ATPase CDS × 3, Intron
Glycoside hydrolase family 38 protein Intron
Sodium transport ATPase Intron
Fructose-bisphosphate aldolase CDS, intron

Binding

Sec7 guanine nucleotide exchange factor 3


UTR
COP8 CDS
STE/STE11/cdc15 protein kinase CDS
Clathrin-coated vesicle protein Intron
Carnitine/acyl carnitine carrier Intron

Structural molecule activity Beta-tubulin 2 tubb2 Intron
Iron sulfur assembly protein 1 Intron

Transporter activity Urea transporter 3


UTR
Vacuole protein Intron

Table 3: Overview of the five edible fungal genomes.

V. volvacea C. cinereus S. commune A. bisporus P. ostreatus
Sequence analyzed (Mb) 35.7 36.2 38.6 30.2 34.3
GC contents (%) 48.8 51.67 57.5 46.48 50.94
No. of SSRs 1346 2050 1206 3134 1314
Relative abundance (No./Mb) 38 56 31 104 38
Total length of SSRs (bp) 19347 32601 21538 44690 25265
Relative density (bp/Mb) 541 898 558 1478 737
Genome content (%) 0.05 0.09 0.06 0.15 0.07
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in theV. volvacea andA. bisporus genomes, with 2030 (64.8%
of the total) detected in the latter. However, trinucleotide
microsatellites (followed by mononucleotides) were the most
common motifs in S. commune and C. cinereus, while
trinucleotidemicrosatellites (followed by dinucleotides) were
most frequent in P. ostreatus. Comparison of the relative
abundance (Figure 3(a)) and the relative density (Figure 3(b))
of the six microsatellite categories revealed general agree-
ment except in the case of the P. ostreatus genome where
hexanucleotide microsatellites were infrequent but relatively
dense. In contrast to the clear disparity in the total number
of microsatellites in the V. volvacea and A. bisporus genomes,
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the proportion of the six microsatellite categories was very
similar (Figure 4).

The number of motif types of 17 different microsatellites
in each of the fivemushroom species is shown in Figure 5.The
mononucleotide A/T was the most frequent in the majority
of species, and only the S. commune genome contained
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Table 4: Occurrence, relative abundance, total length, and relative density of microsatellites in the five edible fungal genomes.

V. volvacea C. cinereus S. commune A. bisporus P. ostreatus
Mono

No. 773 761 346 2030 251
No./Mb 22 21 9 67 7
Length (bp) 9440 9950 4425 26065 3131
Bp/Mb 264 275 115 863 91

Di
No. 110 375 200 354 272
No./Mb 3 10 5 12 8
Length (bp) 1464 5354 2664 4980 3904
Bp/Mb 41 148 69 165 114

Tri
No. 400 843 593 701 640
No./Mb 11 23 15 23 19
Length (bp) 6660 14655 10299 12267 11295
Bp/Mb 187 405 267 406 329

Tetra
No. 19 38 24 22 42
No./Mb 1 1 1 1 1
Length (bp) 392 812 568 460 940
Bp/Mb 11 22 15 15 27

Penta
No. 14 10 15 10 21
No./Mb 0 0 0 0 1
Length (bp) 425 300 450 270 565
Bp/Mb 12 8 12 9 16

Hexa
No. 30 23 28 17 88
No./Mb 1 1 1 1 3
Length (bp) 966 1530 3132 648 5430
Bp/Mb 27 42 81 21 158

more C/G than A/T. Of the dinucleotide motifs, CG was
common in C. cinereus, S. commune, and P. ostreatus but
least frequent in V. volvacea and A. bisporus. Conversely,
the trinucleotide AAT/ATT was comparatively common in
V. volvacea and A. bisporus but rare in C. cinereus, S. com-
mune, and P. ostreatus. Furthermore, only eight AAC/GTT
trinucleotide motifs were detected in V. volvacea and in S.
commune compared with more than 35 in C. cinereus, P.
ostreatus, and A. bisporus. Tetra-, penta-, and hexanucleotide
SSR densities were very low and only the hexanucleotide
AACCCT/ATTGGG was relatively common with at least
10 motifs identified in both S. commune and P. ostreatus.
The longest motifs varied from 34 repeats of the dinu-
cleotideAG/CT and the hexanucleotideAACCCT/ATTGGG
in A. bisporus and C. cinereus, respectively, to 61 repeats
of the mononucleotide A/T in V. volvacea (Table 5). AAC-
CCT/ATTGGG was also the longest microsatellite identified
in S. commune and P. ostreatus with 36 and 38 repeats,
respectively.

4. Discussion

Microsatellites have contributed significantly to studies in
population genetics [29, 30] and molecular ecology [11], have
served to explain the phenomenon of genome expansion in
certain species [31], influenced the expression of quantitative
genetic traits [32], and have been used to analyze the human
genome for human diseases [33, 34]. Considerable progress
has been made in microsatellite development, including
associated bioinformatics. For example, several studies have
focused on the basic distribution patterns and diversity
across whole genomes to better understand the role of
microsatellites. However, since relatively little comprehensive
analysis of microsatellites in the genomes of edible fungi has
been undertaken, we have used computational analysis to
characterize and compare the microsatellites in the entire
genome of V. volvacea and the genomes of four other edible
fungi (Table S1). Information on the relative abundance of
thesemicrosatellites, combinedwith the distribution patterns
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Table 5: The longest microsatellite motifs in the five edible fungal
genomes.

Longest microsatellites
Motif Repeats Size

V. volvacea A/T 61 61
C. cinereus AACCCT/ATTGGG 34 204
S. commune AACCCT/ATTGGG 36 216
A. bisporus AG/CT 34 68
P. ostreatus AACCCT/ATTGGG 38 228

in both the coding and noncoding regions of the genome,
may provide clues to the functionality of microsatellites in
gene regulation.

At present, there is no standard cut-off limit for the
minimum length of microsatellites [35]. Adopting slippage
rate changes of around 10 bases for mono- and dinucleotide
repetitions, universal thresholds of 8–10 bp and 7–10 bp were
proposed for mononucleotide microsatellites in yeast [36]
and eukaryotes [37], respectively. However, the threshold
for human microsatellites was found to depend on their
motif size (9 repeats for mononucleotide and 4 repeats for
di-, tri-, and tetranucleotide microsatellites) [38]. Accord-
ingly, and in order to compare our data with previous
studies of other fungi, we identified mono-, di-, tri-, tetra-,
penta- and hexanucleotide microsatellite motifs at minimum
repeat numbers of 10, 6, 5, 5, 5, and 5, respectively. Of
the 1346 microsatellites identified, 72.9% were embedded in
noncoding DNA (corresponding to 51.23% of the genome
assembly), and 61% were located in the intergenic regions
(28.9% of the genome assembly). This distribution pattern,
which is common in fungal genomes, has been attributed
to negative selection against frame-shift mutations in coding
regions [39] and possibly accounts for the small number
of microsatellites in fungi. Another contributing factor is
the relatively smaller amount of noncoding DNA in fungi,
due to the high density of genes within the fungi genome,
compared with higher eukaryotes. This distribution implies
that microsatellites are generated in intergenic regions by
duplication or transposition.

In addition to possible relevance as evolutionary neutral
DNAmarkers [40], microsatellites have some functional sig-
nificance, including effects on chromatin organization, regu-
lation of gene activity, recombination, DNA replication, cell
cycle, and mismatch repair systems [41, 42]. Firstly, we can
estimate the function of a microsatellite by its position. Judg-
ing fromprevious experience,microsatellites located in CDSs
can alter the function of the protein [20], those located in
introns can affect gene transcription, those located in 5UTRs
can regulate gene expression, and those located in 3UTRs
may cause transcription slippage [43]. In V. volvacea, 55.6%
of the total number of microsatellites were scattered in gene
models and nearly half of thesemicrosatellites were located in
coding regions. Due to the high mutation rate of microsatel-
lites, genes containing microsatellites in their coding regions
would not be conserved. Close inspection of the great major-
ity of microsatellites appearing in kinase-encoding genes
was located in CDSs, suggesting these genes are capable

of undergoing mutation. Microsatellites were also found in
the introns, 5UTRs, and 3UTRs of CYPs, carbohydrate-
degrading enzymes, dehydrogenases, and transport proteins.
Earlier studies have shown that microsatellites located in
promoter regions may affect gene activity [44]. In addition,
some long microsatellites located in intergenic regions may
have special functions. For instance, long microsatellites
involved in sister chromatid cohesion, which indirectly assist
kinetochore formation, are highly clustered in the centromere
[45]. Excess numbers of microsatellite repeats may play
important roles both in genomic stability and also in the
evolution of additional genomic features. Consequently, the
longest motifs (T)61, (CAC)14, and (GAG)13 in V. volvacea
merit close attention with respect to possible functionality.

Comparative analyses of the microsatellite distribution in
the genomes ofV. volvacea and four edible fungi revealed that,
in all cases, the majority of the microsatellites were mono-,
di-, and trinucleotides, accounting for up to approximately
90% of all the microsatellites identified. However, their
respective percentages varied in the different genomes. V.
volvacea and A. bisporus showed a great affinity for mononu-
cleotide repeats compared to the other three genomes in
which trinucleotide microsatellites were the predominant
type. Furthermore, microsatellites in the S. commune, C.
cinereus and P. ostreatus genomes were comparatively longer.
This was unexpected, especially in the case of P. ostreatus (the
second smallest genome of the five), since an earlier study
had concluded that microsatellites in larger genomes were
longer compared with those in smaller genomes [27]. Hence,
neither the abundance nor the length of the microsatellites
in these fungi was correlated with genome size. In the case
of microsatellite types, few trends were evident. A/T were
the most frequent mononucleotide repeats in A. bisporus, V.
volvacea, C. cinereus, and P. ostreatus, whereas C/G was most
frequent in the S. commune genome. Among the dinucleotide
motifs, AC/GT, AG/CT, and AT/AT were present at higher
frequencies in A. bisporus, V. volvacea, C. cinereus, and
P. ostreatus, whereas CG/CG was the most common in S.
commune. The reason for the difference may be attributable
in part to the higher GC content in the S. commune genome
and to its distant phylogenetic position.

5. Conclusion

Comprehensive analysis of microsatellites in the V. volvacea
and four other completely sequenced edible fungal genomes
will provide better understanding of the nature of these
important sequences. Such understanding of the character-
istics of microsatellites in the genomes of V. volvacea and the
other edible fungi will serve many useful purposes including
the isolation and development of variable markers and will
facilitate research on the role of microsatellites in genome
organization.
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Sophora japonica Linn (Chinese Scholar Tree) is a shrub species belonging to the subfamily Faboideae of the pea family Fabaceae. In
this study, RNA sequencing of S. japonica transcriptomewas performed to produce large expression datasets for functional genomic
analysis. Approximate 86.1 million high-quality clean reads were generated and assembled de novo into 143010 unique transcripts
and 57614 unigenes.The average length of unigenes was 901 bps with an N50 of 545 bps. Four public databases, including the NCBI
nonredundant protein (NR), Swiss-Prot, Kyoto Encyclopedia of Genes and Genomes (KEGG), and the Cluster of Orthologous
Groups (COG), were used to annotate unigenes through NCBI BLAST procedure. A total of 27541 of 57614 unigenes (47.8%) were
annotated for gene descriptions, conserved protein domains, or gene ontology. Moreover, an interaction network of unigenes in
S. japonica was predicted based on known protein-protein interactions of putative orthologs of well-studied plant genomes. The
transcriptome data of S. japonica reported here represents first genome-scale investigation of gene expressions in Faboideae plants.
We expect that our study will provide a useful resource for further studies on gene expression, genomics, functional genomics, and
protein-protein interaction in S. japonica.

1. Introduction

Sophora japonica Linn (Chinese Scholar Tree) is a shrub of
the pea family Fabaceae. It grows into a lofty tree 10–20m
tall that produces a fine, dark brown timber. It is not only a
kind of popular ornamental tree, but also a valuable nectar
tree, offering delicious and healthy food. Moreover, dried
flowers and buds of Sophora japonica, containingmany kinds
of components such as flavones, tetraglycosides, isoflavones,
and isoflavone tetraglycosides [1], are used as useful herb
to treat hemorrhoids and hematemesis in China, Japan, and
Korea [2]. In spite of its medicinal and economic value, not
much genomic or transcriptomic information is available
for S. japonica. As of September 2013, only 74 nucleotide
sequences and 35 proteins from S. japonica were available in
GenBank. Hence, generation of genomic and transcriptome
data is necessary to help further studies on S. japonica.

In the latest decade, the emergence of the next generation
sequencing (NGS) technology offers a fast and effective way
for generation of transcriptomic datasets in nonmodel species
using various platforms such as Roche 454, Illumina HiSeq,
and Applied Biosystems SOLiD [3–5]. Compared to the
whole-genome sequencing, RNA-seq, which is considered as
a cost-effective and ultra-high-throughput DNA sequencing
technology, is a revolutionary advance in the functional
genomic research [6]. In this approach, sequences of the
expressed parts of the genome are produced [7] to identify
genes [8] and explore the low abundance transcripts [9]. Due
to the many advantages, RNA-seq is specifically attractive
for nonmodel organisms without genomic sequences [10–
13].

In this study, we used RNA-seq technology to investigate
the transcriptome of S. japonica from three tissues. Using
Illumina sequencing platform, a total of 86139654 reads
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of S. japonica transcriptome were produced. Those were
assembled into 57614 unigenes and annotated for function-
ality. Furthermore, the protein-protein interaction network
of expressed genes in S. japonica was constructed. This is the
first S. japonica and Styphnolobium genus transcriptome data
generated by RNA-seq technology.The information provides
a good resource for further gene expression, genomics, and
functional studies in S. japonica.

2. Method

2.1. RNA Preparation and Sequencing. S. japonica (provided
by the Yangzhou eight strange Memorial) was grown in an
open-air place in Jiangsu Province, Eastern China. Total RNA
was extracted using TRIzol method (Invitrogen) from three
different tissues: tender shoots, young leaves, and flower buds.
RNA was isolated from every tissue and mixed together in
equal proportion for cDNA preparation.

The poly-A mRNA was isolated from the total RNA
using poly-T oligo-attachedmagnetic beads (Illumina). After
purification, fragmentation buffer (Ambion, Austin, TX) was
added to digest the mRNA to produce small fragments.
These small fragments were used as templates to synthe-
size the first-strand cDNA with superscript II (Invitrogen)
and random hexamer primers. The synthesis of the second
strand was performed in a solution containing the reac-
tion buffer, dNTP, RNaseH, and DNA polymerase I using
Truseq RNA sample preparation Kit. Next, these cDNA
fragments were handled with end repair using T4 DNA
polymerase, Klenow DNA polymerase, and T4 polynu-
cleotide kinase (Invitrogen). Illumina’s paired-end adapters
were then ligated to the two ends of cDNA fragments. The
adapter sequences were as follows: read1 adapter: AGATCG-
GAAGAGCACACGTC and read2 adapter: AGATCGGAA-
GAGCGTCGTGT. The products from this ligation reaction
were electrophoresed on a 2% (w/v) agarose gel (certified
low range ultragrade agarose from Bio-Rad) and purified
according to appropriate size of DNA fragments suitable
for Illumina sequencing. Then the sequencing library was
constructed according to the protocol of the Paired-End
Sample Preparation kit (Illumina). Sequencingwas donewith
an Illumina Hiseq 2000. Raw read sequences are available
in the Short Read Archive database from National Center
for Biotechnology Information (NCBI) with the accession
number SRR964825.

2.2. De Novo Assembly. After removal of adaptor sequences
along with low quality reads and reads of larger than 5%
unknown sequences, the resting were assembled into uni-
transcripts and unigenes by Trinity [14].

We used RSEM [15] to quantify expression levels of each
unique transcript (see additional file 1 in Supplementary
Material available online at http://dx.doi.org/10.1155/2014/
750961). Results were reported in units of TPM (transcripts
permillion). After counting fraction of each isoform, we used
length × isoform percent as a standard to choose unigenes
(see additional file 2).

2.3. Functional Annotation and Classification. All assembled
unigenes, longer than 300 bps, were further analyzed to
predict putative gene descriptions, conserved domains, gene
ontology (GO) terms, and association with metabolic path-
ways. First of all, all the unigenes were searched in the protein
databases including NCBI NR, Swiss-Prot, and clusters of
orthologous groups (COG) [16] through BLASTALL proce-
dure (ftp://ftp.ncbi.nih.gov/blast/executables/release/2.2.18/)
with an E-value < 1.0E − 6. After obtaining the features of
the best BLASTX hits from the alignments, putative gene
names and “CDS” (codingDNAsequences)were determined.
Subsequently, according to the NR annotation, we took
advantage of Blast2GO [17] software to predict GO terms
of molecular function, cellular component, and biological
process. After obtaining GO annotation for all unigenes, GO
functional classification of the unigenes performed using
WEGO software [18] and exhibited the distribution of gene
functions at the second level. Unigene sequences were also
compared to the COG database to predict and classify
possible gene functions based on orthologies. Association of
unigenes with the KEGG pathways was determined using
BLASTX against the Kyoto Encyclopedia of Genes and
Genomes database [19]. The KEGG pathways annotation
was performed in the KEGG Automatic Annotation Server
(KAAS) (http:/www.genome.jp/tools/kaas/) [20].

To obtain the potential protein coding sequences from
all unigenes, we first predicted all the open reading frames
(ORFs). According to the BLASTP results against NR
database, we chose the correct ORFs as potential protein
coding sequences. And the longest ORFs from the unigenes
without BLASTP results were considered as referential pro-
tein coding sequences (additional file 3).

2.4. Construction and Topological Analysis of Protein Inter-
action Network. The interaction network of unigenes in S.
japonica was constructed in the form of nodes and edges
where nodes represent genes and edges represent interactions
between genes. First, we downloaded protein-protein interac-
tions (PPI) and sequences of six species Arabidopsis thaliana,
Arabidopsis lyrata, Oryza sativa subsp. Japonica, Brachy-
podium distachyon, Populus trichocarpa, and Sorghum bicolor
from STRING database that is a precomputed database
for the detection of protein-protein interactions [21]. Then,
the protein sequences of genes from PPIs were searched
against the unigenes datasets in our study to find homologies
by TBLASTN (𝐸-value < 1.0𝐸 − 6). The TBLASTN hits
with identity >50% and covering query gene >80% were
identified as the candidate interacting genes of the network.
According to the known PPI network of the above six
species, the interaction network of S. japonica was con-
structed using the homologous unigenes from the TBLASTN
searches.

The topological features such as the degree distribution
of nodes, degree correlation, clustering coefficient (𝐶), and
shortest path length (𝐿) were determined for the resultant
networks. To each node 𝑖 of the network, we assigned a
degree 𝑘

𝑖
, which is the number of its neighbors.We calculated

the degree distribution of the giant component (i.e., the
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Table 1: Summary of sequence assembly by trinity after Illumina
sequencing.

Number Mean size
(bp)

N50 size
(bp)

Total
nucleotides (bp)

Read 86139654 101 101 8700105054
Unique
transcript 143010 1482 1155 211940997

Unigene 57614 901 545 51899592

probability 𝑃(𝑘) that a protein has 𝑘 edges) [22] using the
equation

𝑃 (𝑘) =
𝑁 (𝑘)

𝑁
, (1)

where 𝑁 is the number of nodes and 𝑁(𝑘) is the number of
nodes with degree 𝑘.

The degree correlation, which is characterized by ana-
lyzing the average degree of nearest neighbors 𝑘

𝑛𝑛,𝑖
[23], is

defined by

𝑘
𝑛𝑛,𝑖
=
1

𝑘
𝑖

∑

𝑗

𝑎
𝑖𝑗
𝑘
𝑗
. (2)

The clustering coefficient (𝐶) was defined as the average
probability with which two neighbors of a node were also
neighbors to each other. For instance, if a node 𝑖 had 𝑘

𝑖
links,

and among its 𝑘
𝑖
nearest neighbors there were 𝑒

𝑖
links, then

the clustering coefficient of 𝑖 [23] was calculated using the
equation

𝐶
𝑖
=
2𝑒
𝑖

𝑘
𝑖
(𝑘
𝑖
− 1)
. (3)

The shortest path length (𝐿) between two nodes was defined
as the minimum number of intermediate nodes that must be
traversed to go from one node to another [23]. The average
shortest path length was the shortest path length averaged
over all the possible pairs of nodes in the network.

3. Result

3.1. De Novo Sequence Assembly of S. japonica Transcriptome.
Total RNA from three different tissues (tender shoots, young
leaves, and flower buds) was extracted and blended in equal
proportions for Illumina sequencing. A total of 86.1 million
high-quality clean reads with total of 8700105054 nucleotides
(nt) sequences were produced with an average length of
101 bps for each short read (Table 1).

As a result of the absence of the genomic sequences of
S. japonica, the transcripts were assembled de novo from all
high-quality reads by Trinity [14]. A total of 143010 unique
transcripts (UTs) were predicted from the clean sequence
reads, with an average length of 1482 bps and an N50 of
1155 bps. The majority of UTs (33045) were between 100 and
500 bps, which accounted for 23.1% of total UTs shown in
Figure 1(a).Then after removing redundancy, 57614 unigenes
were generated with an average length of 901 bps. As shown

in Figure 1(b), the length of the unigenes ranged from 300 bps
to more than 3000 bps.

The quality score distribution across all bases and over all
sequenceswas shown in additional files 4 and 5, revealing that
most of the sequences have quality score larger than 30. To
further evaluate the quality of the dataset, we compared the
unigenes from S. japonica with other species using BLASTX
(additional file 6). The result showed that more than half of
unigenes that are having significant BLAST hits weremapped
to soybean, which was consistent with our expectation.

3.2. Functional Annotation and Classification of S. japonica
Transcriptome. In order to annotate the transcriptome of
S. japonica, a total of 57614 unigenes were first examined
against the NR database in NCBI using BLASTX with an
𝐸-value cut-off of 1𝑒−6, which showed 27507 (47.7%) having
significant BLAST hits (Table 2). The 𝐸-value distribution of
significant hits revealed that 67.8% of matched sequences had
strong homology (smaller than 1.0𝑒 − 50), while the other
homologous sequences (32.2%) had 𝐸-values in the range of
1.0𝐸−50–1.0𝐸−6 (Figure 2(a)).The distribution of sequence
similarities represented thatmost of the BLASTXhits (95.3%)
were in the range between 40% and 100%. Only 4.7% of hits
had sequence similarity values less than 40% (Figure 2(b)).

The protein coding sequences of unigenes were also com-
pared with the protein database at Swiss-Prot by BLASTX.
A total of 20463 of 57614 unigenes (35.5%) showed hits at
an 𝐸-value threshold of ≤1.0𝐸 − 6 (Table 2). More than half
of the matched sequences (53.7%) had strong homologies
with 𝐸-values of ≤ 1.0𝐸 − 50, and the remaining unigenes
had 𝐸-values between 1.0𝐸 − 50 and 1.0𝐸 − 6 (Figure 2(c)).
The distribution of sequence similarities against Swiss-Prot
was different than that obtained against the NR database.
While 75.0% of query sequences against Swiss-Prot had
similarities between 40% and 100%, only 25.0% of sequences
had strong homologies with <40% identity (Figure 2(d)).
Thus by combining the results of sequence similarity searches
from NR and Swiss-Prot database, we identified a final set of
27541 unigenes.

3.3. Gene Ontology (GO) Classification. GO terms were
predicted for each assembled unigene to characterize func-
tionality of gene products on the basis of their sequence
similarities to known proteins in the Nr database. Of the
57614 unigenes of S. japonica, a total of 15063 unigenes were
assigned to at least one of the three main GO categories:
cellular component (11860, 20.6%), biological process (11643,
20.2%), and molecular function (11160, 19.4%). These GO
termswere further subdivided into 51 sub-categories (Table 2,
Figure 3, and additional file 7). Among these categories, the
“cell,” “cell part,” “cellular process,” “organelle,” “metabolic
process,” “catalytic activity,” and “binding” terms were found
to have association with relatively more number of unigenes
than other GO terms. The relative abundance of unigenes
associated with cellular processes (9396) and metabolic pro-
cesses (9010) in the biological processes category implied that
the S. japonica tissues used in the study processed extensive
metabolic activities.
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Figure 1: Overview of the S. japonica transcriptome assembly shown by pie graphs. The size distribution of the UTs (a) and unigenes (b)
produced from de novo assembly of reads by trinity.
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Figure 2: Unigene homology searches against NR and Swiss-prot databases. 𝐸-values proportional frequency distribution of BLAST hits
against the NR database (a) and Swiss-prot database (c). Proportional frequency distribution of unigenes similarities against the NR database
(b) and Swiss-Prot database (d) based on the best BLAST hits (𝐸-value ≤ 1.0𝐸 − 5).
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Figure 3: Gene ontology classification of the S. japonica transcriptome. Gene ontology (GO) terms associated with S. japonica unigenes based
on significant hits against the NR database.They are summarized into three main GO categories (biological process, cellular component, and
molecular function) and 51 subcategories.

Table 2: Summary of annotation of S. japonica unigenes.

Category Number Percentage
Nr annotated unigenes 27507 47.74%
Swissprot annotated unigenes 20463 35.52%
GO classified unigenes 15063 26.14%
COG classified unigenes 5863 10.18%
KEGG classified unigenes 2869 4.98%

3.4. COG Classification. Cluster of Orthologous Groups
(COG) database was used to classify the predicted pro-
teins based on orthologous relationships of deduced amino
sequences with 66 genomes, including bacteria, plants, and
animals. Only individual proteins or groups of paralogs from
at least three lineages involved in each COG were considered
to be an ancient conserved domain. A total of 5863 S.
japonica unigenes (10.2% of all unigenes) showed significant
homology in theCOGdatabase. Since some of these unigenes
were annotated with multiple COG functions, a total of 6012
functional annotations were predicted (𝐸-value ≤ 1.0𝐸 − 6).
Thoseweremapped to 21COGclusters (Table 2, Figure 4, and
additional file 8). The top five categories based on number
of orthologies were (1) “general function prediction only”
(13.8%); (2) “translation, ribosomal structure, and biogenesis”
(11.9%); (3) “replication, recombination, and repair” (11.1%);
(4) “posttranslational modification, protein turnover, and
chaperones” (10.5%); and (5) “amino acid transport and

metabolism” (6.7%). The two categories comprising “RNA
processing and modification” and “chromatin structure and
dynamics” consisted of 19 and 12 unigenes (0.5%), respec-
tively, representing the two small COG classifications.

3.5. KEGG Pathway Mapping. To further predict the
metabolic pathway in S. japonica, the assembled unigenes
were annotated with corresponding enzyme commission
(EC) numbers in the KAAS using Arabidopsis thaliana and
Oryza sativa as references. A total of 2869 unigenes were
mapped to 309 pathways corresponding to six KEGG
modules: metabolism, genetic information processing, envi-
ronmental information processing, cellular processes, and
organismal systems and human diseases (additional file
9). Metabolic pathways had the largest number of uni-
genes (2155 members, 47.2%), followed by ribosome (158
members, 5.5%, ko03010), biosynthesis of amino acids (139
members, 4.8%, ko01230), carbon metabolism (130 mem-
bers, 4.5%, ko01200), spliceosome (129 members, 4.5%,
ko03040), protein processing in the endoplasmic reticulum
(123 members, 4.3%, ko04141), plant hormone signal trans-
duction (122 members, 4.3%, ko04075), purine metabolism
(107 members, 3.7%, ko00230), and RNA transport (100
members, 3.5%, ko03013).

In conclusion, 27541 unigenes were annotated using NR,
Swiss-Prot, COG, and KEGG databases. These unigenes had
BLASTX scores with 𝐸-values ≤ 1.0𝐸 − 6. Among these, 1561
unigenes showed hits in all the four public databases (NR,
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Figure 4: COG functional classification of the S. japonica tran-
scriptome. Of 57614 unigenes in the NR database, 5863 unigenes
show significant homologies to the COGs database (𝐸-value ≤ 10−6)
which were classified into 21 COG categories.

Swiss-Prot, COG, and KEGG) providing the best functional
annotations of those unigenes (Table 2). These annotations
provide a valuable resource to investigate further processes,
structures, functions, and pathways of S. japonica in future
studies.

3.6. Construction and Topological Analysis of Protein-Protein
Interaction Network in S. japonica. The interaction network
was constructed using the annotated unigenes of S. japon-
ica in comparison with genes with at least one known

Table 3: The average clustering coefficient (C) and shortest path
length (L) of the giant component of the unigenes of S. japonica
measured using Erdős-Rényi, Watts-Strogatz, and Barabási-Albert
network models.

Item C L
Giant component 4.68𝐸 − 03 5.01
Erdős-Rényi 1.49𝐸 − 04 5.84
Watts-Strogatz 2.20𝐸 − 06 2.00
Barabási-Albert 4.34𝐸 − 04 3.35

protein-protein association and links of the six genomes in
STRING database (additional file 10 and additional file 11).
The network included one giant component and 88 small
components. The giant component consisted of 1887 nodes
connected via 7634 edges. Figure 5(a) showed the degree
distribution 𝑃(𝑘) = 0.23K−0.94 (the least square fit of
associations) which implies the sale-free characteristics of the
component. The degree-correlation of the giant component
is shown in Figure 5(b). The decay behavior of 𝑘𝑛𝑛 with 𝑘
suggests the disassortative mixing of nodes. We plotted the
clustering coefficient of a node with 𝑘 links in Figure 5(c) yet.
The guideline is 𝐶(𝑘) ∼ 𝑘−1, the scaling law which reflects
the hierarchy of the giant component. Besides, we compared
the clustering coefficient 𝐶 and the shortest path length 𝐿 of
the giant component with Erdős-Rényi, Watts-Strogatz, and
Barabási-Albertmodels of the same nodes𝑁 and links 𝐸.The
data in Table 3 shows high clustering coefficient and small
path length. Those suggest the small-world properties of the
network.

4. Discussion

Sophora japonica Linn is an economically important species
for several reasons. It is commonly used to afforest cites and
highways for their adaptability to ecology and environment. It
also provides useful products such as honey and lumber for
human use [2]. Apart from such ecological and economical
values of pagoda tree, it has a unique mythological impor-
tance to Chinese people. The pagoda tree mentioned in the
famous Chinese idiom story “A Fond Dream of Nanke” is
believed to still present in the yard of the Yangzhou eight
strange Memorial at present, in Jiangsu Province. This story
tells that more than one thousand years ago, a person named
Nanke drunk and rested against the pagoda tree having a
dream. In his dream, he became the prime minister of the
kingdom of pagoda tree. After waking up, he found that
the kingdom of pagoda tree was the nest of ants under
the pagoda tree. Nowadays, people believe that the tree is
over 2000 years old. However, very little research has been
done with this important species to understand its genome.
Recently, high-throughput RNA sequencing has offered a
new avenue to generate abundant sequence information from
any organism [24, 25]. The data obtained from RNA-seq
projects are also helpful in inferring the basic biological,
molecular, and cellular processes [19, 20]. Genomes of many
plant species have been studied by de novo transcriptome
analysis, such as willow [26], Cocos nucifera [27], tea plant
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Figure 5:The topological analysis of the giant component of S. japonica protein interaction with 1887 nodes and 7634 edges. (a) Log-log plots
of the node degree distribution with a power-law fit (red line). (b) Average nearest-neighbor degree 𝑘

𝑛𝑛
as a function of the node degree 𝑘.

(c) Log-log plots of the average clustering coefficient 𝐶 as a function 𝑘 with a guideline C(k)∼k−1 (red line).

[10], and pineapple [28]. In this study, we used Illumina
RNA-seq technology to sequence the Sophora japonica plant
transcriptome and predicted a large number of expressed
genes in S. japonica. We obtained 8.7G bps coverage with
86.1 million high-quality clean reads. Using de novo software
Trinity, we generated 57614 unigenes. Our results revealed
that 27541 unigenes (47.8% of all assembled unigenes) were
functionally annotated and involved in different biological
processes.

Using the sequences of the predicted unigenes, we con-
structed a protein-protein interaction network to understand
gene interactions in S. japonica. We identified a giant and 88
small components of the network. The best fit of the degree
distribution of the giant component demonstrated that it was
a scale-free network in which a few proteins interacted with
high connectivity [29]. Like other biological networks, the
giant component displays disassortative mixing that ensures

connection of high-degree nodes with low-degree nodes. It is
likely that the disassortativity may reduce the proportion of
the important edges among hubs and increase the stability
of biological networks when compared to the assortative
network.

In addition, the giant component of the network also
exhibited small-world properties including the high clus-
tering coefficient as well as the smaller and shortest path
length (Table 3), suggesting that the neighbors of one node
have close associations among each other in the network.
The smaller shortest path length is an indicative of minimal
distance between a node and its target to minimize energy
involved in interactions between proteins. At the same time,
the scaling law of the average clustering coefficient as a
function of the degree (Figure 5(c)) indicates the hierar-
chical structure which reflects the evolutionary patterns
associated with various organizational levels of the network.
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The combination of many local variations, which affect
the small but highly interacted nodes, slowly affects the
properties of the larger but less interacted nodes [30]. Such
a process during evolution ensures both stability and low en-
ergy consumption in an efficient protein-protein interaction.

5. Conclusion

In this study, we applied Illumina RNA sequencing and de
novo assembly approach to study the S. japonica transcrip-
tome for the first time. Totally, about 86.1million reads assem-
bled into 57614 unigenes were generated with an average
length of 1321 bps. Among these unigenes, 27541 unigenes
obtained annotation with gene descriptions from NR, Swiss-
Prot, COG, and KEGG databases. This study demonstrated
that the RNA-seq technology could be used as a rapid and
efficient method for de novo transcriptome analysis of non-
model plant organisms that provides a good resource of
gene expression data for further analysis. A protein-protein
interaction network of expressed genes was constructed in
S. japonica. The topological analysis revealed that degree
correlation of the giant componentwas disassortative andhad
small-world properties. This result implied that the protein-
protein interaction network in S. japonicamight have resulted
from a long-term evolution to ensure both stability and low
energy consumption protein-protein interactions.
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Most drugs have beneficial as well as adverse effects and exert their biological functions by adjusting and altering the functions of
their target proteins.Thus, knowledge of drugs target proteins is essential for the improvement of therapeutic effects andmitigation
of undesirable side effects. In the study, we proposed a novel prediction method based on drug/compound ontology information
extracted from ChEBI to identify drugs target groups from which the kind of functions of a drug may be deduced. By collecting
data in KEGG, a benchmark dataset consisting of 876 drugs, categorized into four target groups, was constructed. To evaluate the
methodmore thoroughly, the benchmark dataset was divided into a training dataset and an independent test dataset. It is observed
by jackknife test that the overall prediction accuracy on the training dataset was 83.12%, while it was 87.50% on the test dataset—the
predictor exhibited an excellent generalization. The good performance of the method indicates that the ontology information of
the drugs contains rich information about their target groups, and the study may become an inspiration to solve the problems of
this sort and bridge the gap between ChEBI ontology and drugs target groups.

1. Introduction

Identification of target proteins of drugs is of importance in
the drug discovery pipeline [1] because drugs exert their func-
tions by hitting some proteins, that is, their target proteins,
in human tissues. On the other hand, in addition to their
therapeutic effects, most of the drugs have some undesirable
side effects caused also by hitting some target proteins. If a
drug with unclear undesirable side effects was brought into
the market, it is a potential hazard to both pharmaceutical
companies and their consumers. Thus, studying the target
proteins of a drug is highly beneficial to the treatment of
diseases and reduction of side effects. However, identification
of drugs target proteins by experiments needs lots of time
andmoney. It is necessary to establish effective computational
methods to tackle this problem which can provide useful
references.

Many efforts have been made to identify drugs target
proteins in the past few years, such as docking simulations
[2, 3], literature text mining [4], combination of chemical
structure and protein structural information or functional
information [5–8], side effect similarity [9], and so forth.
In this paper, we attempted a novel method using the
ontology information of compounds, which was similar to
gene ontology of proteins, to identify drugs target proteins.
With the discovery of novel candidate drugs, the quan-
tity of all candidate pairs of drugs and target proteins is
tremendously large, preventing researchers to carry out an
exhaustive search of drugs target proteins. In view of this, a
necessary step is to establish an effectivemethod to reduce the
candidate proteins for each query drug, that is, reducing the
search space by deducing the kind of functions a drug may
have. According to the data in KEGG (Kyoto Encyclopedia
of Genes and Genomes, http://www.genome.jp/kegg/) [10],
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Table 1: The number of drugs in each group.

Index Target group Number of drugs
Training dataset Test dataset Total

1 G Protein-coupled Receptors 272 35 307
2 Nuclear Receptors 82 13 95
3 Ion Channels 109 9 118
4 Enzymes 325 31 356
— Total 788 88 876

the target proteins of drugs could be divided into the follow-
ing five groups: (1)GProtein-coupledReceptors, (2) Cytokine
Receptors, (3) Nuclear Receptors, (4) Ion Channels, and (5)
Enzymes. If one can establish a method to correctly predict
the target groups of a query drug, the possible target proteins
would be limited only to the predicted group, facilitating
further analyses.

In the past few years, many novel compounds have
been discovered with the advance of combinatorial chem-
istry. To record these compounds, some online databases
are established, such as KEGG [10], STITCH (Search Tool
for Interactions of Chemicals) [11], and ChEBI (Chemical
Entities of Biological Interest) [12], from which users can
retrieve all sorts of information about the compounds, for
example, their structures, activities, reactions, and so on.
Furthermore, their information can also be used to infer the
attributes of novel compounds [5, 7, 8, 13–15]. In the paper, we
employed compound ontology information, named as ChEBI
ontology, to infer the target group of a novel drug, that is, a
predictor that was built to predict the target group of drugs
based on ChEBI ontology. A benchmark dataset consisting
of 876 drugs was established by collecting data in KEGG,
fromwhich a training dataset and a test dataset were obtained
by splitting the data. Jackknife test demonstrates an overall
prediction accuracy of 83.12% and independent test achieves
a prediction accuracy of 87.50%, indicating that the predictor
has excellent generalization. We hope that the predictor may
facilitate the discovery of new therapeutic or undesirable
effects of existing drugs.

2. Materials and Methods

2.1. Dataset. 2,795 drugs were retrieved from Chen and
Zeng’s study [8], which were downloaded from KEGG
(http://www.genome.jp/kegg/) [10]. According to their tar-
get proteins, these drugs were classified into the following
five groups: (1) G Protein-coupled Receptors, (2) Cytokine
Receptors, (3) Nuclear Receptors, (4) Ion Channels, and (5)
Enzymes.We then screened the data with the following rules:
drugs without ChEBI ontology information were excluded,
resulting in 895 drugs; drugs belonging to more than one
group were excluded, resulting in 879 drugs; and because
there were only 3 drugs in Cytokine Receptors—not enough
to build an effective prediction model on the group, these
drugs and the group were also excluded. Thus, we obtained
a benchmark dataset S containing 876 drugs allocated into
four groups. The distribution of these drugs is listed in

column 5 of Table 1. The codes of the drugs in each group
are available in Supplementary Material I available online at
http://dx.doi.org/10.1155/2013/132724.

To evaluate the generalization of the predictor, the bench-
mark dataset S was divided into a training dataset Str and
a test dataset Ste, where Ste was constructed by randomly
selecting 88 (10%) drugs in S and the rest in S comprised Str.
The number of drugs in each group in the training and test
dataset was listed in columns 3 and 4 of Table 1, respectively.

2.2. Prediction Based on ChEBI Ontology. The term “ontol-
ogy” derived fromphilosophy,meaning the theory or study of
the basic characteristics of all reality. Since gene ontology, the
established ontology information about proteins, is deemed
as a very useful tool for investigating various attributes
of proteins [16–21], similarly, the ontology information of
compounds may also facilitate the study of various attributes
of compounds.

ChEBI, a well-known compound database, contained
some important ontology information about compounds
named as ChEBI ontology [12]. It consists of four subontolo-
gies: (1) Molecular Structure, (2) Biological Role, (3) Appli-
cation, and (4) Subatomic Particle, which may be suitable
for the prediction of various attributes of compounds. The
information of ChEBI ontology was retrieved from ftp://ftp
.ebi.ac.uk/pub/databases/chebi/ontology/ (“chebi.obo”, July
2012). Ontologies are controlled vocabularies which can
be conceived as graph-theoretical structures consisting of
“terms” forming the node set and “relations” of two terms
forming the edge set [22]. Based on the “terms” and “rela-
tions” (including “is a” and “relationship”) in the obtained
file, a graph with 31,813 nodes and 64,514 edges was estab-
lished. As for the two terms, the smaller the distance is
between them, the more intimate the “relations” are impli-
cated between them. Thus, the distance of terms 𝑡 and 𝑡,
denoted by𝑑 (𝑡, 𝑡), would be used tomeasure the relationship
of compounds.

For two compounds 𝑐
1
and 𝑐
2
, 𝑇(𝑐
1
) and 𝑇(𝑐

2
) are an

ontology term set of 𝑐
1
and 𝑐
2
, respectively. The following

formula was used to measure the functional relationship of
𝑐
1
and 𝑐
2
:

𝑄 (𝑐
1
, 𝑐
2
) = Mean {𝑑 (𝑡

1
, 𝑡
2
) : 𝑡
1
∈ 𝑇 (𝑐

1
) , 𝑡
2
∈ 𝑇 (𝑐

2
)} . (1)

The smaller the 𝑄(𝑐
1
, 𝑐
2
) is, the stronger the functional

relationship would be shared by 𝑐
1
and 𝑐
2
.

For a query drug 𝑑
𝑞
, its target group was predicted

according to the following steps.
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(i) Find drugs in the training set S, say, 𝑑
1
, 𝑑
2
, . . . , 𝑑

𝑠
,

such that

𝑄(𝑑
𝑞
, 𝑑
1
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𝑞
, 𝑑
2
)

= ⋅ ⋅ ⋅ = 𝑄 (𝑑
𝑞
, 𝑑
𝑠
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𝑑∈S
𝑄(𝑑
𝑞
, 𝑑) .

(2)

(ii) The target groups of 𝑑
1
, 𝑑
2
, . . . , 𝑑

𝑠
were put into a

voting system.
(iii) The target group with the most votes is deemed to be

the predicted target group of 𝑑
𝑞
. Note that if more

than one target group is receiving the most votes,
randomly select one of them as the predicted result.

2.3. Prediction Based on Chemical Interaction. In recent
years, the idea of “systems biology” is penetrating into
the prediction of various attributes of proteins and com-
pounds and is considered to be very useful [13, 14, 23–25].
The constructed methods were all based on the fact that
interactive proteins and compounds often share common
features. To define the interactive compounds, we down-
loaded the chemical interaction files from STITCH ((chem-
ical chemical.links.detailed.v3.1.tsv.gz) http://stitch.embl.de/
download/chemical chemical.links.detailed.v3.1.tsv.gz, http://
stitch.embl.de/) [11], a well-known database including the
interaction information of proteins and chemicals. In the
obtained file, each interaction is composed of two chemicals
and five kinds of scores. In detail, the first four kinds of
scores are estimated according to the structures, activities,
reactions, and cooccurrence in the literature of two chemicals
[11], while the last kind of score is calculated by integrating
the aforementioned four kinds of scores. It is reasonable
to use the last kind of score to indicate the interactivity of
two chemicals. Thus, it was adopted here to indicate the
interactivity of two chemicals; that is, two chemicals are
interactive chemicals if and only if the last kind of score
of the interaction between them is greater than 0. For the
later formulation, we denote the score of chemicals 𝑐

1
and

𝑐
2
by 𝐼(𝑐

1
, 𝑐
2
). In particular, if 𝑐

1
and 𝑐
2
are noninteractive

chemicals, we set 𝐼(𝑐
1
, 𝑐
2
) = 0.

As described above, the interactive compounds share
common features with higher possibility than noninteractive
ones. In view of this, the target group of a query drug 𝑑

𝑞
can

be determined by its interactive compounds in the training
set. The detailed procedure of the method is almost similar
to that of the method in Section 2.2. Now, instead of (2), we
used the following formula to select drugs in the first step

𝐼 (𝑑
𝑞
, 𝑑
1
) = 𝐼 (𝑑

𝑞
, 𝑑
2
)

= ⋅ ⋅ ⋅ = 𝐼 (𝑑
𝑞
, 𝑑
𝑠
) = max
𝑑∈S
𝐼 (𝑑
𝑞
, 𝑑) .

(3)

2.4. Jackknife Test. In statistical prediction, there are three
cross-validation methods: independent dataset test, subsam-
pling (or 𝑘-fold crossover) test, and jackknife test [13],
which are often used to evaluate the performance of various
classifiers. Among them, jackknife test is deemed the least

Table 2:The correct prediction rates of themethod based on ChEBI
ontology.

Target group Training
dataset

Test
dataset

G Protein-coupled Receptors 93.38% 100%
Nuclear Receptors 73.17% 69.23%
Ion Channels 60.55% 55.56%
Enzymes 84.62% 90.32%
Overall 83.12% 87.50%

arbitrary [13] because the test sample and training samples
are always open. Furthermore, the classifier evaluated by
jackknife test can always provide a unique result for a given
dataset. Accordingly, it has been widely used to examine the
performance of various classifiers in recent years [13, 26–36].
Here, we also adopted it to evaluate the current method.

3. Results and Discussions

As described in Section 2.1, the benchmark dataset S was
divided into two datasets, Str and Ste, consisting of 788 and
88 drugs, respectively.Themethod based on ChEBI ontology
was applied to predict the target groups of drugs in these
two datasets. The detailed results were given in the following
sections.

3.1. Performance of the Predictor on the Training Dataset. As
for the 788 drugs in the training dataset Str, the predictor
based onChEBI ontologywas evaluated by jackknife test.The
prediction results were listed in column 2 of Table 2, from
whichwe can see that the prediction accuracies for each target
groupwere 93.38%, 73.17%, 60.55%, and 84.62%, respectively,
while the overall prediction accuracy was 83.12%. Since there
are four target groups investigated by the study, the average
correct rate would be 25% if one identifies drugs target
groups in Str by random guesses, which is much lower than
the overall prediction accuracy obtained by our method.
Compared to the results in Chen and Zeng’s work [8], in
which a similarity-based method was proposed to predict
drugs target groups, our results are also very competitive
because the prediction accuracies in their work were less
than 80%. All of these suggest that the proposed predictor
performs fairly well on the training dataset.

3.2. Performance of the Predictor on the Test Dataset. As for
the 88 drugs in the test dataset Ste, the predictor was modeled
only based on the training dataset Str without involving Ste.
The prediction accuracies for each group and the overall
accuracy were listed in column 3 of Table 2. It can be seen that
the prediction accuracies for each group were 100%, 69.23%,
55.56%, and 90.32%, respectively, while the overall prediction
accuracy was 87.50%, which is even better than that of the
training dataset, indicating that the predictor has an excellent
generalization.
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Table 3: The prediction accuracies of the method based on ChEBI ontology and chemical interaction on the benchmark dataset evaluated
by jackknife test.

Target group Prediction based on ChEBI ontology Prediction based on chemical interaction
G Protein-coupled Receptors 94.46% 83.71%
Nuclear Receptors 76.84% 82.11%
Ion Channels 61.02% 77.97%
Enzymes 86.24% 87.08%
Overall 84.70% 84.13%

Table 4: The 13 drugs which are closest to “D00146” in Str.

Drug Target group Ontology term
D00089 G Protein-coupled Receptors CHEBI:7872
D00101 G Protein-coupled Receptors CHEBI:9937
D00176 G Protein-coupled Receptors CHEBI:35940
D00284 G Protein-coupled Receptors CHEBI:3901
D00291 G Protein-coupled Receptors CHEBI:4450
D00410 Enzymes CHEBI:44241
D00994 Enzymes CHEBI:4759
D01002 G Protein-coupled Receptors CHEBI:4025
D01163 G Protein-coupled Receptors CHEBI:31554
D02783 G Protein-coupled Receptors CHEBI:337298
D07431 G Protein-coupled Receptors CHEBI:64628
D07759 G Protein-coupled Receptors CHEBI:4024
D07905 G Protein-coupled Receptors CHEBI:4822

3.3. Comparison of the Predictors Based on ChEBI Ontology
and Chemical Interaction. The method based on chemical
interaction described in Section 2.3 is popular for predicting
various attributes of compounds [13, 14]. Thus, we compared
the performances of these two methods in identifying drugs
target groups as follows.

To compare the methods with the same datasets, all
samples in the benchmark dataset S were used to make
prediction; that is, two predictors were conducted to predict
the target groups of samples in S evaluated by jackknife test.
The prediction results obtained by these two methods were
listed in Table 3. It is observed that the overall prediction
accuracy for the predictor using ChEBI ontology was 84.70%,
which is a little higher than that of the method using
chemical interaction. In detail, the prediction accuracy for
the target group “G Protein-coupled Receptors” obtained by
the proposed method was much higher than the correspond-
ing accuracy obtained by the method based on chemical
interaction, the prediction accuracies for the target group
“Enzymes” obtained by these two methods were almost the
same, while the prediction accuracies for the rest two target
groups obtained by the proposed method were lower than
those obtained by the method based on chemical interaction.
All of these indicate that the two predictors perform at the
same level on the benchmark dataset S. Thus, it can be
inferred that strong links may exist between ChEBI ontology
and chemical interactions.

3.4. Analysis of the Relationship ofDrugsOntology Information
and Their Target Group. From Sections 3.1–3.3, the ChEBI
ontology information of compounds connects strongly with
their targets’ information. In this section, some examples are
picked up to confirm this and to reinforce the understanding
of using ChEBI to categorize drugs into their target groups.

The drug “D00146” is a sample in the training dataset Str.
Its target group is “G Protein-coupled Receptors” and it hits
the ontology term “CHEBI:3892.” According to the procedure
of the method based on ChEBI ontology, 13 drugs in Str
(listed in Table 4) were found, satisfying the function 𝑄(∙)
to be minimum. It is observed that 11 out of 13 drugs are in
the target group “G Protein-coupled Receptors” and the rest
two drugs are in the target group “Enzymes.”Thus, the target
group “G Protein-coupled Receptors” got 11 votes, “Enzymes”
got 2 votes, and the rest target groups did not get any votes.
Accordingly, the target group of “D00146” is predicted to
be “G Protein-coupled Receptors,” which is indeed its true
target group. Another example is the drug “D00387” in the
test dataset Ste, which is in the target group “Ion Channels.”
According to its ontology term “CHEBI:9674,” we found 20
drugs in Str, such that the function𝑄(∙) achieved aminimum.
These 20 drugs were listed in Table 5, from which we can see
that 12 drugs are in target group “Ion Channels” and 8 drugs
are in target group “G Protein-coupled Receptors.” Thus, the
result of “D00387” is predicted to be in the target group “Ion
Channels.” It is also predicted correctly.
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Table 5: The 20 drugs which are closest to “D00387” in Str.

Drug Target group Ontology term Drug Target group Ontology term
D00225 Ion Channels CHEBI:2611 D00293 Ion Channels CHEBI:49575
D00300 G Protein-coupled Receptors CHEBI:4636 D00311 Ion Channels CHEBI:4858
D00430 Ion Channels CHEBI:9073 D00494 G Protein-coupled Receptors CHEBI:8461
D00506 Ion Channels CHEBI:8069 D00549 Ion Channels CHEBI:44915
D00669 G Protein-coupled Receptors CHEBI:4637 D01177 G Protein-coupled Receptors CHEBI:32091
D01205 G Protein-coupled Receptors CHEBI:31472 D01310 Ion Channels CHEBI:32124
D01372 Ion Channels CHEBI:32315 D01485 G Protein-coupled Receptors CHEBI:31981
D01657 Ion Channels CHEBI:52993 D02419 G Protein-coupled Receptors CHEBI:34720
D02624 Ion Channels CHEBI:53760 D08283 Ion Channels CHEBI:111762
D08473 G Protein-coupled Receptors CHEBI:8802 D08690 Ion Channels CHEBI:10125

The two examples in the above paragraph show that the
target information of these drugs is indeed related to their
ontology information.Thegoodperformance of the predictor
demonstrated the validity of using ontology information to
predict drugs target groups.

4. Conclusion

This study employed ChEBI ontology to categorize drugs
based on their target proteins. The good performance of
the method suggests that ontologies are good indicators of
drugs target groups. However, only about 30% of the samples
reported in KEGG were investigated in this study due to the
lack of ontology information of most drugs. It is anticipated
that the method would be more effective at the prediction
with the development of ChEBI ontology and hopefully a
multilabel classifier may be developed to allocate some drugs
to more than one category in the near future.
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MicroRNAs (miRNAs) are potent effectors in gene regulatory networks where aberrant miRNA expression can contribute to
human diseases such as cancer. For a better understanding of the regulatory role of miRNAs in coordinating gene expression,
we here present a systems biology approach combining data-driven modeling and model-driven experiments. Such an approach
is characterized by an iterative process, including biological data acquisition and integration, network construction, mathematical
modeling and experimental validation. To demonstrate the application of this approach, we adopt it to investigate mechanisms of
collective repression on p21 by multiple miRNAs. We first construct a p21 regulatory network based on data from the literature
and further expand it using algorithms that predict molecular interactions. Based on the network structure, a detailed mechanistic
model is established and its parameter values are determined using data. Finally, the calibrated model is used to study the effect of
different miRNA expression profiles and cooperative target regulation on p21 expression levels in different biological contexts.

1. Introduction

Although microRNAs (miRNAs) are physically small, they
have been shown to play an important role in gene regulation
[1]. Currently, an increasing number of studies are being
carried out to deepen our understanding of miRNA reg-
ulatory mechanisms and functions. However, experimental
approaches have limitations when dealing with complex
biological systems composed of multiple layers of regu-
lation such as the transcriptional and post-transcriptional
regulation by transcription factors (TFs) and miRNAs [2].
Most experimental approaches focus on the identification
of miRNA targets and the investigation of physiological
consequences when perturbing miRNA expressions but are
unsuited to provide a system-level interpretation for observed
phenomena. Therefore, the introduction of a systematic
approach, which can unravel the underlying mechanisms by

which miRNAs exert their functions, becomes increasingly
appealing.

The systems biology approach, combining data-driven
modeling andmodel-driven experiments, provides a system-
atic and comprehensive perspective on the regulatory roles
of miRNAs in gene regulatory networks [3–5]. To investigate
a gene regulatory network, an iterative process of four steps
is needed. (I) Biological network construction: a map is
constructed that shows interactions amongmolecular entities
(such as genes, proteins and RNAs), using information from
literature and databases. (II) Model construction: depending
on the biological problem investigated and experimental data
available, the interactionmap can be translated into a detailed
mechanistic model that can simulate the temporal evolution
of molecular entities. The values of parameters in this model
can be determind from literature, databases or they are
directly estimated from quantitative experimental data using
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optimizationmethods. (III)Computational experiments: once
a model is established, it can be simulated and/or analyzed
for its general behavior. (IV) Experimental validation: model
predictions together with biological explanations are inte-
grated to guide the design of new experiments, which in
turn validate or falsify the model. If model predictions are
in agreement with the experiments, the model justifies the
biological hypotheses behind it. In turn, these hypotheses,
which provide reasonable explanations for the biological
phenomenon, lead to an enhanced understanding of the
gene regulatory network. Otherwise, the structure of the
mathematical model is modified to generate new hypotheses
and suggest new experiments.

The application of the systems biology approach to the
analysis of a gene regulatory network is demonstrated with
a case study of the regulation of p21 by multiple miRNAs [4].
The network combining putative targets of TF and miRNA
regulation with experimentally proven molecular interac-
tions was constructed and visualized. Next, the network was
translated into a detailed mechanistic model, which was
characterized and validated with experimental data. Finally,
the integration of quantitative data and modeling helped us
to generate and validate hypotheses about mechanisms of
collective miRNA repression on p21.

2. Results

2.1. The Systems Biology Approach to Study miRNA-Mediated
Gene Regulatory Networks

2.1.1. Mathematical Modeling. The aim of our analysis is to
unravel the complex mechanisms by which gene regulatory
networks involving miRNAs are regulated. We iteratively
integrate data from literature, experiments and biological
databases into a detailed mechanistic model of a gene regula-
tory network. The model is then used to formulate and test
hypotheses about mechanisms of miRNA target regulation
and cellular process-related variability. The methodology
includes four steps which are briefly summarized in Table 1.
In the coming sections we present these steps in detail.

(1) Data Retrieval. To construct a gene regulatory network
composed by different levels of regulation, we collect infor-
mation from different resources which are briefly described
below, and more resources for data retrieval are introduced
in Table 1.

(a) Transcriptional level regulators. Experimentally veri-
fied TFs for a gene can be extracted from literature
or databases such as TRED, TRANSFAC, or HTRIdb
[6–8]; the putative TFs, which are associated with
conserved TF-binding sites residing in the promoter
region of a gene, can for example, be extracted from
the table of TFs with conserved binding sites in the
UCSC genome browser or the TRANSFAC database
[9]. miRGen 2.0 is a database that provides both
predicted and experimentally verified information
about miRNA regulation by TFs [10].

(b) Post-transcriptional regulators. Databases such as
miRecords, Tarbase and miRTarBase are repositories
of experimentally validatedmiRNA:gene interactions
[11–13]. Predictions of miRNA:gene interactions are
accumulated in databases like miRWalk [14].

(c) Protein-protein interactions. Both the Human Protein
Reference Database (HPRD) [15] and the STRING
database [16] document experimentally verified
protein-protein interactions; besides, STRING also
provides putative protein-protein interactions ranked
by confidence scores. Further details about the exact
mechanism of protein-protein interactions can be
found in Reactome [17].

(2) Network Construction and Visualization. Based on the
information collected, a gene regulatory network is con-
structed and visualized for providing an overview. For this
purpose, we recommend CellDesigner which uses standard-
ized symbols (Systems Biology Graphical Notation—SBGN)
[18] for visualization and stores gene regulatory networks
in the SBML format (Systems Biology Markup Language)
[19]. CellDesigner also provides the possibility to simulate
temporal dynamics of the gene regulatory network due to
the integration of the SBML ODE (ordinary differential
equation) solver. Besides, Cytoscape is another powerful tool
for integration of biological networks and gene expression
data [20].

For assessing the reliability of interactions considered in
gene regulatory networks, confidence scores can be computed
as being documented in our previous publication [4]. The
factors that are used to determine the confidence score for
molecular interactions can be: the number of publications
reporting an interaction, experimental methods used to
identify an interaction, interaction types and computational
predictions.The computed confidence scores range from 0 to
1, where values towards 1 indicate higher confidence, whereas
values towards 0 indicate lower confidence in a given inter-
action. For example, the confidence score for a miRNA:gene
interaction can be calculated using the following equation:

𝑆miRNA:gene =
𝑤
𝑝
⋅ 𝑆
𝑝
+ 𝑤
𝑚
⋅ 𝑆
𝑚
+ 𝑤bs ⋅ 𝑆bs

𝑤
𝑝
+ 𝑤
𝑚
+ 𝑤bs

, (1)

where 𝑤
⟨𝑝,𝑚,bs⟩ are weights that are assigned to the scores

which account for the number of publications (𝑆
𝑝
), detection

method (𝑆
𝑚
) and the number of predicted binding sites

(𝑆bs). The values of the weights can be assigned based on
expert knowledge, and the higher the value of the weight
is, the bigger impact it has on the confidence score for
the interaction. The values of 𝑆

𝑝
and 𝑆bs can be calculated

using the logarithmic equation: 𝑆
⟨𝑝,bs⟩(𝑛) = log

𝑚+1
(𝑛),

where 𝑛 denotes the number of publications describing the
miRNA:gene interaction or the number of binding sites that
the miRNA has in the 3 UTR (untranslated region) of
the gene. The value of 𝑚 is a cut-off that represents the
number of publications or binding sites required for 𝑆

⟨𝑝,bs⟩ to
obtaining their maximum values. Various methods such as
western blots, qRT-PCR and reporter assays can be applied
to support the miRNA:gene interaction, but these methods
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Table 1: Overview of themethodology. Key points in each step of themethodology and themain resources for constructingmiRNA-mediated
gene regulatory networks are given.

Step 1: data retrieval
Regulation types Resources

Transcriptional gene
regulation

TRED (http://rulai.cshl.edu/cgi-bin/TRED/tred.cgi?process=home): a database that provides an integrated
repository for both cis- and transregulatory elements in mammals
TRANSFAC (http://www.gene-regulation.com/pub/databases.html): a database that collects eukaryotic
transcriptional regulation, comprising data on TFs, their target genes, and binding sites
The UCSC table browser (http://genome.ucsc.edu/): a popular web-based tool for querying the UCSC Genome
Browser annotation tables
HTRIdb (http://www.lbbc.ibb.unesp.br/htri/): an open-access database for experimentally verified human
transcriptional regulation interactions
MIR@NT@N (http://maia.uni.lu/mironton.php/): an integrative resource based on a metaregulation network
model including TFs, miRNAs, and genes
PuTmiR (http://www.isical.ac.in/∼bioinfo miu/TF-miRNA.php): a database of predicted TFs for human
miRNAs
TransmiR (http://202.38.126.151/hmdd/mirna/tf/): a database of validated TF-miRNA interactions
miRGen 2.0 (http://diana.cslab.ece.ntua.gr/mirgen/): a database of miRNA genomic information and regulation

Posttranscriptional
gene regulation

miRecords (http://mirecords.biolead.org/): a resource for animal miRNA-target interactions
Tarbase (http://www.microrna.gr/tarbase/): a database that stores detailed information for each miRNA-gene
interaction, the experimental validation methodologies, and their outcomes
miRTarBase (http://mirtarbase.mbc.nctu.edu.tw/): a database that collects validated miRNA-target interactions
by manually surveying the pertinent literature
miRWalk (http://www.umm.uni-heidelberg.de/apps/zmf/mirwalk/): a comprehensive database that provides
information on miRNAs from human, mouse, and rat, on their predicted as well as validated binding sites in
target genes

Protein-protein
interaction

HPRD (http://www.hprd.org/): a centralized platform to visually depict and integrate information pertaining to
domain architecture, posttranslational modifications, interaction networks, and disease association for each
protein in the human proteome
STRING (http://string-db.org/): a database of known and predicted protein interactions. The interactions
include direct (physical) and indirect (functional) associations
MPPI (http://mips.helmholtz-muenchen.de/proj/ppi/): a collection of manually curated high-quality PPI data
collected from the scientific literature by expert curators
DIP (http://dip.doe-mbi.ucla.edu/dip/Main.cgi): a catalog of experimentally determined interactions between
proteins
IntAct (http://www.ebi.ac.uk/intact/main.xhtml): a platform that provides a database system and analysis tools
for molecular interaction data
Reactome (http://www.reactome.org/): an open-source, open access, manually curated, and peer-reviewed
pathway database

GO annotation

Amigo GO (http://amigo.geneontology.org/cgi-bin/amigo/go.cgi): the official GO browser and search engine
miR2Disease (http://www.mir2disease.org/): a manually curated database that aims at providing a
comprehensive resource of miRNA deregulation in various human diseases
miRCancer (http://mircancer.ecu.edu): a miRNA-cancer association database constructed by text mining on the
literature
PhenomiR (http://mips.helmholtz-muenchen.de/phenomir/): a database that provides information about
differentially expressed miRNAs in diseases and other biological processes
miRGator (http://mirgator.kobic.re.kr/): a novel database and navigator tool for functional interpretation of
miRNAs
miRó (http://ferrolab.dmi.unict.it/miro): a web-based knowledge base that provides users with
miRNA-phenotype associations in humans

Step 2: network construction and visualization
(i) Visualize regulatory interactions in platforms such as CellDesigner and Cytoscape that support standardized data formats
(ii) Calculate confidence scores for assessing reliability of interactions in gene regulatory networks
Step 3: model construction and calibration
(i) Formulate equations using rate equations
(ii) Fix parameter values using available biological information
(iii) Estimate the other unknown and immeasurable parameter values using optimization methods which can minimize the distance
between model simulations and experimental data such as time course qRT-PCR and western blot data
Step 4: model validation and analysis
(i) Design new experiments and generate new data to verify the calibrated model
(ii) Study complex properties and behavior of the system
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provide experimentalists with different levels of confidence,
thus differing confidences can be reflected using different
values for 𝑆

𝑚
based on the experience of experimentalists.

Of note, although the confidence scores cannot be directly
converted into a mathematical model, with the help of these
scores we can discard non-reliable putative interactions to
generate the ultimate version of a gene regulatory network.
The final version of the network can be further analyzed
to identify regulatory motifs like feedforward loops (FFLs),
for example, with the help of the Cytoscape plugin NetDS
[21]. Thereafter, the complete network or parts of it can
be converted into a detailed mechanistic model which is
described in detail in the following section.

(3) Model Construction and Calibration. After the construc-
tion, visualization and refinement of a gene regulatory net-
work, it is converted into a detailedmechanistic model which
enables the investigation of unanswered biological questions
and validation of hypotheses. Ordinary differential equations
(ODEs) describe how processes of synthesis, biochemical
modification and/or degradation affect the temporal con-
centration profile of biochemical species like proteins, RNAs
and metabolites. An ODE model can be constructed using
appropriate kinetic laws such as the law ofmass-action, which
states that the rate of a chemical reaction is proportional to
the probability that the reacting species collide.This collision
probability is in turn proportional to the concentration of
the reactants [22]. A general representation of ODE-based
models using mass-action kinetics is given by the following
equation

𝑑𝑥
𝑖

𝑑𝑡
=

𝑚

∑

𝜇=1

𝑐
𝑖𝜇
⋅ 𝑘
𝜇
⋅

𝑛

∏

𝑗=1

𝑥
𝑗

𝑔
𝜇𝑗 , 𝑖 ∈ {1, 2, . . . , 𝑛} , (2)

where 𝑥
𝑖
represents state variables which denote the molar

concentration of the 𝑖th biochemical specie. Every biochem-
ical reaction 𝜇 is described as a product of a rate constant
(𝑘
𝜇
) and biochemical species (𝑥

𝑗
, 𝑗 ∈ {1, 2, . . . , 𝑛}) that are

involved in this reaction. 𝑐
𝑖𝜇
, the so-called stoichiometric

coefficients, relate the number of reactant molecules con-
sumed to the number of product molecules generated in
the reaction 𝜇. 𝑔

𝜇𝑗
denotes kinetic orders which are equal

to the number of species of 𝑥
𝑖
involved in the biochemical

reaction 𝜇. The rate constants, kinetic orders and the initial
conditions of state variables are defined as model parameters.
Besides mass-action kinetics, other kinetic rate laws such as
Michaelis-Menten kinetics, Hill equation and power-laws are
also frequently used in ODE models.

After ODEs are formulated, the model requires to be
calibrated, a process by which parameter values are adjusted
in order to make model simulations match experimental
observations as good as possible. To do so, there are two
possible means: characterization of parameter values using
available biological information or estimation of parameter
values using optimization methods. Some parameter values
can be directly measured or obtained from literature or
databases. For example, the half-life (𝑡

1/2
) of some molecules

(e.g., protein) can be measured in vitro via western blot-
ting. This information can be used to characterize their

degradation rate constants through the equation 𝑘deg =

(ln 2/𝑡
1/2
). The database SABIO-RK provides a platform for

modelers of biochemical networks to assemble information
about reactions and kinetic constants [27]. However, for
most model parameters, whose values cannot be measured
in laboratories or be accessed from literature or databases,
parameter estimation is a necessary process to characterize
their values. Before running parameter estimation, initial
parameter values and boundaries should be set within phys-
ically plausible ranges. To do so, the database BioNumbers
provides modelers with key numbers in molecular and cell
biology, ranging from cell sizes to metabolite concentrations,
from reaction rates to generation times, from genome sizes
to the number of mitochondria in a cell [28]. After parameter
estimation, unknown parameter values are determined using
optimization methods which can minimize a cost function
that measures the goodness of fit of the model with respect to
given quantitative experimental data sets. Parameter estima-
tion using optimization algorithms is an open research field,
in which several methods have been developed according
to the nature and numerical properties of biological data
analyzed. The discussion for choosing proper optimization
methods for parameter estimation is beyond the scope of
this paper, but the interested reader is referred to the paper
published by Chou and Voit [29].

(4) Model Validation and Analysis. Usually, the model sim-
ulations are compared with the experimental data used for
the parameter estimation, but a good agreement between
both is not enough to guarantee the predictive ability of the
model. Therefore, it is necessary to validate the model with
data sets that are not used during the parameter estimation.
This process is called model validation and can ensure more
reliable and accurate model predictions. To do so, the data
generated in new experiments or extracted from literature are
compared with model simulations, which are obtained after
configuring the model according to the new experimental
settings. Once a model is validated, it can be used to per-
form predictive simulations, which are helpful to study
the dynamic properties of biochemical systems, guide the
design of new experiments in the laboratory and formulate
additional hypotheses. In addition, tools such as sensitivity
and bifurcation analysis can be used to study complex proper-
ties and behavior of the modeled system. Sensitivity analysis
is used to evaluate the influence of model parameters (e.g.,
initial concentrations of the state variables and rate constants)
on model outputs, such as the temporal behavior of network
components [30]. Bifurcation analysis is employed to detect
control parameters (also known as bifurcation parameters)
whose variations are able to change drastically the dynamical
properties of the biochemical system, as well as the stability
of its fixed points [31]. The application of these tools to
mathematical modeling is beyond the scope of this paper, but
the interested reader is referred to the publication of Zhou
et al. [32] and Marino et al. [33].

2.1.2. Experiment Methods. As mentioned in the previous
sections, after a model is established, it can be calibrated
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and validated using temporal experimental data. To do so,
the data can either be derived from literature or generated
to calibrate the model by own experiments. In case of ODE
models, the most suitable data for model calibration is
quantitative time-series data obtained from perturbation or
quantitative dose-response experiments.The experiments, in
which time-series data are measured for different regulators
(such as miRNAs and TFs) of a gene regulatory network, can
be obtained using the techniques described in the subsections
below.

(1) qRT-PCR. Quantitative real time polymerase chain reac-
tion (qRT-PCR) has been used to identify mRNAs regulated
by overexpression or silencing of a specific miRNA [34,
35]. miRNAs typically exhibit their regulatory effects by
associating with specific 3 UTR regions of the mRNAs
called miRNA seed regions [34]. This association can lead
either to a temporary inhibition of translation or complete
degradation of the mRNA in which case qRT-PCR mediated
detection is beneficial. For this, the cells are transfected
with the miRNA and non-targeting control oligonucleotides
at an appropriate concentration using either a lipid based
transfection reagent or nucleofection. The transfected cells
are then incubated for the necessary time periods (e.g., 24 h,
48 h, 72 h, etc.) after which lysates are prepared and total RNA
is extracted. 1000–2000 ng of the RNA is then converted into
cDNA using a reverse transcription kit. Taqman qRT-PCR is
performed using 10–20 ng of cDNA and primers labeled with
fluorescence probes to detect the transcriptional levels of the
target mRNA. Housekeeping genes like GAPDH and HPRT
are used as endogenous controls for data normalization.
Relative expression at different time points is determined
by comparing the Ct values of the miRNA transfected cells
with Ct values of non-targeting control transfected cells and
expressed as relative expression [36]. However, qRT-PCR in
spite of being highly sensitive is applicable specifically under
conditions of complete or partial degradation of the target
mRNA. miRNA-mediated inhibition in translation can be
better demonstrated by techniques like immunoblotting.

(2) Western Blot/Immunblotting. Western blotting or protein
immunoblotting is a technique to detect the expression of a
gene at protein level. This technique is particularly useful in
determining the regulatory effects of a miRNA on expression
of a target gene which is temporarily inhibited. For this
the cells are transfected with a miRNA or an antagomiR
as mentioned above and cell lysates are prepared at appro-
priate time points using protein lysis buffers (e.g., Radio-
Immunoprecipitation Assay buffer or RIPA) containing lysis
agents like Dithiothreitol (DTT) and protease inhibitors. The
proteins from each sample are quantitated using Bradford
or BCA reagents and compared with bovine serum albumin
(BSA) standards for accurate protein estimation. 20–40 𝜇g of
protein is then loaded and resolved on a sodium dodecyl sul-
fate polyacrylamide gel (SDS-PAGE) along with a pre-stained
protein marker. The protein bands are then transferred onto
a nitrocellulose membrane followed by incubation with the
appropriate primary and secondary antibodies linked to
fluorescent dyes or horse radish peroxidase enzyme (HRP).

The protein expression is then analyzed using either fluores-
cence or chemiluminiscenceHRP substrates in gel documen-
tation systems (e.g., LI-COR Odyssey). Housekeeping genes
like 𝛽-actin or 𝛽-tubulin are used for protein normalization.
The time point for maximum target gene suppression gen-
erally varies depending on the number of miRNA binding
sites at the 3 UTR of the target gene and the extent of
complementarity of the seed region [37]. Immunoblotting is
a widely used technique to provide confirmatory evidence for
the inhibitory effects ofmiRNA at the protein level, but it fails
to explain the underlying interaction mechanisms.

(3) Reporter Gene Assay. As each miRNA can inhibit the
expression of a large number of genes, regulation of a par-
ticular target gene may either be by direct interaction or be
an indirect consequence of it. In direct regulation, a miRNA
binds to the complementary sequences at the 3 UTR of a
target gene and thereby suppresses its expression. As a con-
sequence of this, the expression levels of a number of down-
stream genes (indirect targets) are also dysregulated making
it crucial to differentiate between primary and secondary
miRNA targets. To determine the interaction specificity,
a reporter construct (luciferase) with intact or mutated 3
UTR of the target gene cloned at the 5 end is co-transfected
into the cells along with the miRNA. The regulatory effect of
the miRNA on the target gene expression is then measured
using the expression of a reporter gene. In the absence of
the appropriate binding sequences (mutated 3 UTR), the
miRNA cannot suppress the reporter mRNA suggesting that
the suppressive effect of the miRNA is mediated by a direct
interaction. The reporter activity can be analyzed at different
time points such as 24 hr, 48 hr and 72 hr to determine the
time dependent suppression of a target gene expression by
a miRNA.

2.2. Case Study: The Regulation of p21 by Multiple and
Cooperative miRNAs

2.2.1. Construction and Visualization of p21 Regulatory Net-
work. By using the approach described above, we investi-
gated the regulation of p21 by its multiple targeting miRNAs.
p21, also known as cyclin-dependent kinase inhibitor 1
(CDKN1A), is a transcriptional target of p53. It is required
for proper cell cycle progression and plays a role in cell death,
DNA repair, senescence and aging (reviewed in [38]). Inter-
estingly, p21 was the first experimentally validated miRNA
target hub, which is a gene that is simultaneously regulated
by many miRNAs. This made it an ideal candidate for a case
study of our approach [23]. To do so, we first constructed
a p21 regulatory network using the following steps:

(a) We extracted miRNA-target interactions from the
publication of Wu et al. [23] where a list of predicted
p21-regulating miRNAs was subjected to experimen-
tal validation.

(b) Experimentally verified TFs of p21 were extracted
from literature and putative TFs having conserved
binding sites in the 5 kb upstream region of the p21
open reading frame were extracted from UCSC table
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browser. A list of TFs controlling the expression of the
miRNAswas constructed using information of exper-
imentally proven TF-miRNA interactions extracted
from TransmiR (release 1.0) [39]. In addition, we
generated a list of putative TFs of miRNAs with
binding sites in the 10 kb upstream region of the
miRNA genes using information from the databases
PuTmiR (release 1.0) [40] and MIR@NT@N (version
1.2.1) [41], and from the table of TFs with conserved
binding sites in theUCSC genome browser (hg18) [9].

(c) Information about protein interactions was extracted
from theHuman Protein ReferenceDatabase (HPRD,
release 9.0) [15] and the STRING database (release
9.0) [16]. Only the experimentally verified p21-protein
interactions were used to construct the network.

(d) Additionally, we associated the TFs in the network to
nine biological processes based on the Gene Ontol-
ogy (GO) [42]. The corresponding GO terms were
cell proliferation, cell apoptosis, immune response,
inflammatory response, cell cycle, DNA damage, cell
senescence, DNA repair and cell migration.

Next, we visualized the network in CellDesigner and
computed a confidence score for each interaction in the
network (Figure 1). The confidence scores provide us with
the reliability of the interactions considered in p21 regulatory
network. With the help of these scores, we discarded non-
reliable interactions and constructed the mechanistic model
accounting for p21 regulation by its targeting miRNAs.
Besides, the interested experimentalists can further use this
information to choose reliable interacting candidates of p21
for designing relevant experiments. The scores for each
interaction of p21 regulatory network are shown in Table 2.

2.2.2. Mechanistic Modeling of p21 Regulation by
Its Targeting miRNAs

(1) Model Construction. After constructing the regulatory
network, a detailed mechanistic model of ODEs, which
describes the biochemical reactions underlying the regula-
tion of p21 was established. We chose the ODE modeling
approach, as it is a simple formalism for describing temporal
dynamics of biochemical systems and a wide range of tools
are available to explore their properties. Precisely, the model
considered themRNA(mp21; (3)) andprotein (p21; (6)) of the
miRNA target hub p21, the p21-targeting miRNAs (miR

𝑖
; 𝑖 ∈

(1, . . . , 15); (5)), and the complexes formed by p21 mRNA
and miRNA, [mp21 | miR

𝑖
] (4). Altogether, the model is

constituted by 32 state variables and 64 parameters:

𝑑mp21
𝑑𝑡

= 𝑘
mp21
syn ⋅ 𝑓act (TFmp21)

−mp21 ⋅ (𝑘mp21
deg +∑

𝑖

𝑘
complex

𝑖

ass ⋅miR
𝑖
) ,

(3)

𝑑 [mp21 | miR
𝑖
]

𝑑𝑡

= 𝑘
complex

𝑖

ass ⋅mp21 ⋅miR
𝑖
− 𝑘

complex
𝑖

deg ⋅ [mp21 | miR
𝑖
] ,

(4)

𝑑miR
𝑖

𝑑𝑡
= 𝑘

miR
𝑖

syn ⋅ 𝑓act (TFmiR
𝑖

)

−miR
𝑖
⋅ (𝑘

miR
𝑖

deg + 𝑘
complex

𝑖

ass ⋅mp21) ,
(5)

dp21
𝑑𝑡

= 𝑘
p21
syn ⋅mp21 + 𝑘p21deg ⋅ p21, (6)

mp21Total = mp21 +∑
𝑖

[mp21 | miR
𝑖
] . (7)

For mp21, processes considered in the model were: (i) its
synthesis (𝑘mp21

syn ) mediated by TFs (𝑓act(TFmp21)), (ii) its
degradation (𝑘mp21

deg ), and (iii) its association with a miRNA
(𝑘complex

𝑖

ass ). For each miR
𝑖
, processes considered were: (i)

the synthesis (𝑘miR
𝑖

syn ) mediated by TFs (𝑓act(TFmiR
𝑖

)), (ii) the
degradation (𝑘miR

𝑖

deg ), and (iii) the association with the p21
mRNA target (𝑘complex

𝑖

ass ). For each [mp21 | miR
𝑖
] complex,

processes considered were: (i) the formation of the complex
by a miR

𝑖
and the p21 mRNA (𝑘complex

𝑖

ass ), and (ii) the complex
degradation (𝑘complex

𝑖

deg ). For p21, processes considered were:
(i) its synthesis (𝑘p21syn ), and (ii) its degradation (𝑘p21deg). An
additional algebraic equation accounting for the total mea-
surable amount of p21 mRNA (mp21Total) was also included.
The SBML file of the model is available for download at
http://www.sbi.uni-rostock.de/uploads/tx templavoila/p21
TargetHub 03092013.xml.

(2) Model Calibration and Validation. For model calibration,
we fixed some parameter values using published data and
estimated the other unknown parameters using the time-
series data published by Wu et al. [23], in which the p21
mRNA (northern plot) and protein levels (western plot)
were measured 48 hr after transfection of individual p21-
targeting miRNAs into human embryonic kidney 293 cells.
The unknown parameter values were estimated using an
iterative method combining global (particle swarm pattern
search) [43] and local (downhill simplex method in multi-
dimensions) [44] optimization algorithms. For each miR

𝑖

considered in the model, the method minimizes the distance
between model simulations and experimental data using the
following cost function

𝐹
miR
𝑖

cost =
[mp21miR

𝑖

sim (𝑡) −mp21miR
𝑖

exp (𝑡)]
2

(𝛿
mp21
𝑖

)
2

+

[p21miR
𝑖

sim (𝑡) − p21miR
𝑖

exp (𝑡)]
2

(𝛿
𝑝21

𝑖
)
2

𝑖 ∈ [1, . . . , 15] ,

(8)



BioMed Research International 7

1, 2, 4 1, 2, 4, 5, 6 1, 2, 3, 7

E2F TP53 RELA
1, 2, 4, 7 2, 3, 7 6

STAT5 SRF
1, 2, 3, 4 1, 2

JUN STAT1

SP1 RUNX1 TFAP2A

Common TFs Modulation

CDKN1A

1, 2 1, 2, 4 1, 4

1, 4 1, 2, 3, 7

1, 2, 5 2, 4, 5, 7 1

VDR

CUX1

E2A

RAR BRCA1

TP63 TP73 TBX2

STAT6 SP3 STAT3

STAT2 RUNX2

EHMT2 p21 TFs

1, 2, 4, 5, 8, 9

CEBP𝛽
NF𝜅B1

(1) Cell proliferation (6) Cell senescence

(2) Apoptosis (7) Inflammatory response

(3) Immune response (8) DNA repair

(4) Cell cycle control (9) Cell migration

(5) DNA damage

miRNA
miRNA

Translational repression
miRNA

Translation

Transcription

Association

miR-132 miR-28-5p

miR-299-5p miR-298

miR-345 miR-125a-5p

miR-208a

miRNA

miRNA
Deadenylation followed by decay

Protein-protein interaction

miR-93 miR-654-3p

miR-657 miR-572

miR-423-3p miR-363

miR-639 miR-515-3p

p21

CCND2 CDK3 GMNN CCNE1 POLD2 CSNK2B C1orf123 CCDC85B

PIM1 CCNB2 KIAA0432 GADD45B HDAC11 ITGB1BP3 TTLL5 SLC25A11

GADD45G CDC7 BCCIP CDK1 GNB2LI RAB1A psmA3 TK1

CDC45 CCNB1 CCNA2 GADD45A MAPK8 TSG101 SET CIZ1

CDK14 CDK5 MDM2 CDC27 RNF144B ESR1 PRKCH RPA1

CDC20 SKP2 CDK2 CDK4 DHX9 PCNA CDC5L CCDC5

CCND3 CDK6 CCNE2 CCNA1 TEX11 MAP3K5 MCM10 Caspase-3

CDC6 CCND1 XRCC6 PARP1 DAPK3 NR4A1 CEBPA

Interacting proteins

AKT1

miRNA genes

5, 8 1, 2 1, 2, 4 3 1, 2 3 3 2 2, 3 3 1, 4 1, 3 1, 4

1, 4

NFATC2 YY1 CREB1 CEBPA ARNT

FOXCI1

ELK1 SOX9 FOS PAX5 MAX MEF2A RFX1 JUNB AKT1 GATA3 MYC NRSF
EGR1

E47 PPARG POU3F2 FOXF2FOXL1 MZF1 NFIC SRY

FOXC1

HNFA4 NFYA MYF1 BACF1 ATF6 ZID RORA POU2F1

miRNA TFs

11, 2, 34

12, 31, 5 1
1

HNF1A

1, 2

RB1

Cellular processes

Figure 1: p21 regulatory network. The network contains several layers of regulators of p21: TFs (light blue and red boxes), miRNAs (dark
blue and green boxes), and proteins (grey boxes). In each big box, there are small boxes which represent individual components of this layer
of regulation. miRNAs are classified into two groups according to the mechanisms by which the expression of p21 is repressed. One group
causes p21 translation repression (green box). These miRNAs bind to p21 mRNA resulting in the repressed translation of p21 but unchanged
mRNA expression level. The other group of miRNAs (dark blue box) decreases the stability of p21 mRNA by modifying its structure, leading
to mRNA decay and finally the downregulation of p21. TFs are classified into three groups: p21 TFs (red), miRNA TFs (yellow) and their
common TFs (light blue). The p21 interacting-proteins are framed in the grey boxes. The purple boxes represent nine processes, and the TFs
associated with these processes are indicated in the ellipses above them using corresponding figures. This data is adapted from our previous
publication [4].

where mp21miR
𝑖

sim (𝑡) and mp21miR
𝑖

exp (𝑡) represent the simulated
p21 mRNA and protein expression levels for each miR

𝑖
at

time point 𝑡. p21miR
𝑖

sim (𝑡) and p21miR
𝑖

exp (𝑡) represent the mea-
sured value for each miR

𝑖
at time point 𝑡, and their standard

deviations are 𝛿mp21
𝑖

and 𝛿p21
𝑖

. Here, 𝑡 is the time point (48 hr)
after overexpression of the individual miRNAs in embryonic
kidney 293 cells at which the expression levels of the p21 and
its mRNA were measured [23]. The model calibration results
are shown in Figure 2(a) and the obtained parameter values
are listed in Table 3.

Experimental results showed that a stronger repression
of the target gene can occur when two miRNA binding sites
on the target mRNA are in close proximity [24, 45]. To test
the consequences of this hypothesis, we predicted cooperative
miRNA pairs for p21, with seed site distances between 13–
35 nt in the p21 3 UTR. To substantiate the cooperative
effect associated with pairs of miRNAs, we introduced a
group of new state variables ([mp21 | miR

𝑖
| miR

𝑖
]) into

the original model. These state variables account for the

ternary complexes composed of p21 mRNA and two puta-
tively cooperating miRNAs (miR

𝑖
and miR

𝑗
). For these new

variables, processes considered are: (i) the association of p21
mRNA with miR

𝑖
and miR

𝑗
into a complex (𝑘co-complex

𝑖,𝑗

ass ),
and (ii) the degradation of the complex (𝑘co-complex

𝑖,𝑗

deg ). After
expansion, the corresponding modified and new ODEs are
listed below:

dmp21
𝑑𝑡

= 𝑘
mp21
syn ⋅ 𝑓act (TFmp21)

−mp21 ⋅ (𝑘mp21
deg +∑

𝑖

𝑘
complex

𝑖

ass ⋅miR
𝑖

+∑

𝑖,𝑗

𝑘
co-complex

𝑖,𝑗
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𝑖
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𝑗
) ,
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Figure 2: Model calibration and validation. (a) Model calibration. The figures show the relative change of the p21 mRNA and protein
expression levels after overexpression of the indicated miRNAs (Model: model simulation; Data: experimental data). These data were
normalized to the control group in which the p21 mRNA and protein expression levels were measured when the miRNAs were normally
expressed (a.u.: arbitrary unit). (b) Experimental workflow. In the experiments, Sk-Mel-147 cells were seeded in six well plates. Then, mature
miRNA mimics were transfected individually at a concentration of 100 nM (miR-572 and miR-93) or in combination at 50 nM each (miR-
572 + miR-93). After 48 hr transfection with miRNA mimics, the cells were pulse treated with 250 nM doxorubicin for 1 hour after which
normal growth medium was replenished. The immunblotting were performed to measure p21 expression at 0, 2, 4, 6, 8 and 24 hr post-
doxorubicin treatment. (c) Temporal dynamics of p21 transcriptional function. Afterdoxorubicin treatment, the expression of p53, a TF of
p21, was measured using immunblotting and these data were used to characterize the transcriptional function of p21 using MATLAB linear
interpolation function. (d) Model validation. We measured the expression of p21 protein in response to genotoxic stress in the four scenarios
as described in the main text. The measured data (Data) were compared with the model simulations (Model). The figures (a), (c) and (d) are
adapted from our previous publication [4].

𝑑 [mp21 | miR
𝑖
| miR

𝑗
]

𝑑𝑡

= 𝑘
co-complex

𝑖,𝑗

ass ⋅mp21 ⋅miR
𝑖
⋅miR
𝑗

− 𝑘
co-complex

𝑖,𝑗

deg ⋅ [mp21 | miR
𝑖
| miR

𝑗
] .

(10)

To model stronger repression of the target gene by
cooperating miRNAs, we assumed a stronger association rate
constant for the complex [mp21 | miR

𝑖
| miR

𝑗
] which is

equal to the sum of their individual association rate constants

(𝑘co-complex
𝑖,𝑗

ass = 𝑘
complex

𝑖

ass + 𝑘
complex

𝑗

ass ). Similarly, the degradation
rates of the complexes [mp21 | miR

𝑖
| miR

𝑗
] were assumed

to be equal to the sum of degradation rate constants of
single miRNA binding complexes (𝑘co-complex

𝑖,𝑗

deg = 𝑘
complex

𝑖

deg +

𝑘
complex

𝑗

deg ). However, it has to be noted that these added
equations are an abstract description ofmiRNAcooperativity,
because the details of this mechanism are not yet known.

To experimentally validate the capability of our model to
predict the relative p21 concentrations regulated by coopera-
tivemiRNAs, we selectedmiR-572 andmiR-93 as a case study.
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Table 3: Initial concentrations of model variables and model parameter values. Based on the experimental data, the p21-targeting miRNAs
verified byWu et al. [23] were divided into two groups: the translation repression group (marked with asterisk) and the mRNA deadenylation
group. AmiRNAwas classified into themRNA deadenylation group if its overexpression can result in 20% ormore downregulation of the p21
mRNA level (i.e., p21mRNA level≤ 0.8; the basal level is 1); otherwise, it was classified into the translation repression group. For the translation
repression group, only 𝑘complex

𝑖

ass was estimated and 𝑘complex
𝑖

deg was fixed. For the other group, both 𝑘complex
𝑖

deg and 𝑘complex
𝑖

ass were estimated.The initial
concentrations of p21 and mp21 were set to 1, and this value was used as their basal expression levels. During the parameter estimation, the
initial concentrations of p21-targeting miRNAs were set to 100, because in the publication [23] the expression levels of p21 and mp21 were
measured after the individual introduction of the p21-targeting miRNAs with amount of 100 nM. Due to the lack of biological information to
characterize the transcriptional activation function (𝑓act) of p21 and its targeting miRNAs, the corresponding functions were assumed to be
1 for simplicity. The data is adapted from our previous publication [4].

Initial concentration of variables and TF functions
Variable Description Initial concentration (a.u.)
p21 p21 protein 1

mp21 p21 mRNA 1

miR
𝑖=1,...,15

p21-targeting miRNAs 100

[mp21 | miR
𝑖=1,...,15

] Complexes formed by miR
𝑖
and mp21 0

𝑓act(TFmp21) p21’s transcriptional activation function 1
𝑓act(TFmiR

𝑖 (𝑖=1,...,15)

) The transcriptional activation function of miR
𝑖

1

Fixed parameter values
Parameter Description Value (hr−1) Reference
𝑘
mp21
syn Synthesis rate constant of mp21 0.1155 fixed
𝑘
mp21
deg Degradation rate constant of mp21 0.1155 [24]
𝑘
miR𝑖
syn (𝑖 = 1, . . . , 15) Synthesis rate constant of miR

𝑖 0.0289 fixed
𝑘
miR𝑖
deg (𝑖 = 1, . . . , 15) Degradation rate constant of miR

𝑖 0.0289 [25]
𝑘
p21
syn Synthesis rate constant of p21 1.3863 fixed
𝑘
p21
deg Degradation rate constant of p21 1.3863 [26]

Estimated parameter values

miRNA (state
variable)

𝑘
complex

𝑖

deg
(𝑖 = 1, . . . , 15) (hr−1)

𝑘
complex

𝑖

ass
(𝑖 = 1, . . . , 15)

(a.u. −1⋅ hr−1)

𝐹
miR𝑖
cost

(𝑖 = 1, . . . , 15)
Experimental data of p21 (protein, mRNA ± SD)

miR-298 (miR1)
∗ 0.1155 0.0254 3.4𝑒 − 004 (0.16, 1.074 ± 0.025)

miR-208a (miR2)
∗ 0.1155 0.0041 2.0𝑒 − 003 (0.51, 1.192 ± 0.022)

miR-132 (miR3)
∗ 0.1155 0.0275 2.4𝑒 − 003 (0.15, 1.21 ± 0.147)

miR-28-5p (miR4)
∗ 0.1155 0.0119 5.9𝑒 − 003 (0.28, 1.35 ± 0.06)

miR-125-5p (miR5)
∗ 0.1155 0.0018 1.8𝑒 − 003 (0.69, 0.85 ± 0.051)

miR-299-5p (miR6)
∗ 0.1155 0.0080 1.8𝑒 − 004 (0.36, 0.95 ± 0.038)

miR-345 (miR7)
∗ 0.1155 0.0051 1.1𝑒 − 004 (0.46, 0.96 ± 0.039)

miR-93 (miR8) 0.1564 0.0235 4.1𝑒 − 014 (0.17, 0.7776 ± 0.03)

miR-423-3p (miR9) 0.9118 0.0055 2.8𝑒 − 009 (0.44, 0.5102 ± 0.11)

miR-515-3p (miR10) 0.2098 0.0253 1.2𝑒 − 013 (0.16, 0.616 ± 0.037)

miR-363 (miR11) 0.2261 0.0399 2.2𝑒 − 014 (0.11, 0.56 ± 0.15)

mR-657 (miR12) 0.3465 0.0158 2.1𝑒 − 014 (0.23, 0.48 ± 0.12)

miR-639 (miR13) 0.4305 0.0327 1.8𝑒 − 017 (0.13, 0.36 ± 0.084)

miR-572 (miR14) 0.3039 0.0360 9.4𝑒 − 023 (0.12, 0.45 ± 0.044)

miR-654-3p (miR15) 9.7485 0.0024 3.0𝑒 − 014 (0.64, 0.63 ± 0.053)

These two miRNAs were chosen, because their predicted
target sites in the p21 3 UTR are in close proximity to each
other and thereby, they can induce cooperative repression on
p21 as suggested in [24]. The experiments were performed as
follows:

(i) Melanoma cells (Sk-Mel-147) were transfected with
the mature miRNAmimics of the twomiRNAs either
individually (100 nM) or in combination (50 nM
each), whereas untreated cells were used as control
(Figure 2(b)).
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Figure 3: Different p21 dynamics in different network motifs. We ran simulations to show the different dynamics of p21 for two different
network motifs (a) and (b). Through simulations, two dynamical patterns of p21 were identified: saturation and pulse ((c), top). For each
network motif, the corresponding distributions of the two dynamical patterns were plotted ((c), bottom). For different combinations of
the transcriptional strengths, the normalized distance (𝑑

𝑖
) between peaks (𝑝

𝑖
) and steady states (ss

𝑖
) of p21 is determined by the equation

𝑑
𝑖
= (𝑝
𝑖
− ss
𝑖
)/𝑝max, 𝑝max = max(𝑝

1
, . . . , 𝑝

𝑛
). If 𝑑

𝑖
= 0, for the corresponding combination of transcriptional strengths the p21 dynamics is

saturation, otherwise it is pulse. The regions showing different dynamical patterns of p21 are separated using the white lines.

(ii) Next, the cells were treated with doxorubicin,
a genotoxic-stress inducing agent. The agent can
upregulate the expression of p53, which is a knownTF
of p21, and therefore it can result in the upregulation
of p21 (Figure 2(c)).

(iii) After doxorubicin treatment, the expression levels of
p21 were measured by immunoblotting at different
time points (0, 2, 4, 6, 8, 24 hr). The p21 expression
values were normalized based on the p21 expression

level in the control group measured at time point 0 hr
(Figure 2(d)).

By doing so, we obtained the p21 response after genotoxic
stress in four scenarios: (1) endogenous miRNA expression
(Control); (2) overexpression of miR-572; (3) overexpression
of miR-93; and (4) both miRNAs moderately overexpressed.
Thereafter, we derived a model of seven ODEs based on
the original equations which was configured according to
the designed experiments, making the simulation results
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Figure 4: p21 expression regulated by cooperative miRNAs for different cellular processes.The associations of themiRNAs with these cellular
processes were derived from GO terms of their TFs. A miRNA was supposed to be expressed (in bold black font) in a cellular process only
if its TF is related to the corresponding GO term of this process. The p21 expression levels are computed for each process with (w)/without
(wo) considering the cooperative effect among the p21 targeting miRNAs.

comparable with the experimental data. As shown in the
Figure 2(c), the simulations are in good agreement with the
experimental observations. The individual overexpression of
miR-572 or miR-93 led to the reduction of the upregulation
of p21 response after genotoxic stress induction. The two
miRNAs cause different degrees of repression due to their
different repression efficiencies on p21. Interestingly, the com-
bined overexpression of both miRNAs induced the strongest
downregulation of p21, and therefore verifying the hypothesis
of their cooperative regulation of p21. Above all, the results
not only validated themodel but also demonstrated the ability
of our method to identify cooperative miRNA pairs for p21.

(3) Predictive Simulations. As there are abundant of network
motifs such as FFLs in p21 regulatory network and these
network motifs are important for determining p21 dynamics,
it is interesting to investigate the dynamics of p21 in network
modules where FFLs are involved. To do so, two network
modules including both miR-93 and miR-572, and their
TFs were exemplified. In Figure 3(a), the network module
contains an incoherent FFL composed by AF2𝛼, miR-93 and
p21, and a cascaded regulation in which p21 is repressed

by FOXF2 via miR-572; in Figure 3(b), the same cascaded
regulation together with a coherent FFL composed of TP53,
MYC, miR-93 and p21 forms another regulatory module
of p21. By modulating the transcriptional strengths of the
two miRNAs by their TFs, two types of p21 dynamics were
identified: saturation and pulse (Figure 3(c), top). In the
former, the p21 expression increases and reaches its steady
state at the highest level; in contrast, in the latter the p21
expression increases to a peak and thereafter drops to a
steady state at lower level. For the two different network
modules, various combinations of transcriptional strengths
of the two miRNAs lead to different distributions of the
two p21 dynamical patterns. For the network module of an
incoherent FFL plus the cascaded regulation (Figure 3(c),
bottom left), the saturation pattern appears in two distinct
regions: one with weakened transcriptional strength of miR-
93 and the other with enhanced transcriptional strength of
miR-93; for the other module (Figure 3(c), bottom right),
the saturation pattern only appears in the region, in which
the transcriptional strength of miR-93 is enhanced. Taken
together, the results showed that for the two different network
motifs the dynamical pattern of p21 is changing according to
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different combinations of its upstream regulators, suggesting
the adaptation of p21 dynamics for different biological con-
texts.

Furthermore, we performed a number of simulations to
show the influence of miRNA regulation on p21 expression
levels in different cellular processes arranged in a consecutive
manner. In this procedure, a cell is first in the process of
cell cycle followed by proliferation (cell growth), then the
cell responses to DNA damage and enters into the process
of senescence, and finally apoptosis is initiated. As shown in
Figure 4, during the cell cycle process, the p21 expression is
low due to the activation of most of its targeting miRNAs;
when the cell starts proliferating, the p21 expression declines
to an even lower level because of more activated miRNAs
in this process; after responding to DNA damage, the p21
expression soars to a high level, which is caused by the
activation of its TFs like p53 and fewer expressed miRNAs.;
although the p21 expression keeps at a similar level while
the cell is undergoing senescence, the expressed miRNAs are
different from the previous process; finally, the p21 expression
decreases again to a low level due to the reemergence of
most of its targeting miRNAs and the cell enters apoptosis.
Interestingly, the model simulations are also consistent with
experimental observations: under non-stressed condition the
low expression level of p21 is needed for cell proliferation; the
upregulation of p21 happens after response to DNA damage
via p53 and the increased p21 expression further results in
cell cycle arrest leading to senescence and apoptosis [25].
Besides, when considering the effect of cooperatingmiRNAs,
the p21 expression levels were indistinguishable from the
previous simulation of DNA damage response. However, for
the other processes p21 expression levels were significantly
lower compared to the simulations without considering the
cooperative effect of the miRNAs. Above all, these results
indicated that selective expression of cooperative miRNAs
could be adopted by cells to ensure diverse expression levels
of p21 tomeet the requirements of different cellular processes.

3. Conclusions and Discussion

In this paper, we presented a systems biology approach, com-
bining data-drivenmodeling andmodel-driven experiments,
to investigate the role of miRNA-mediated repression in gene
regulatory networks.This approach provides a systematicway
to gain a deeper understanding of the regulation of target
genes by mutiple and cooperative miRNAs. Using the regu-
lation of p21 by multiple miRNAs as a case study, we showed
how the ODE-basedmodel, which is calibrated and validated
by means of experimental data, is suitable for predicting the
temporal dynamics of molecular concentrations involved in
biochemical systems.

Provided there are sufficiently rich quantitative data sets
avaliable to characterize the model, the use of the methodol-
ogy here shown can be extended to more complex regulatory
networks, involving multiple targets, cooperating TFs and
miRNAs and signaling pathways displaying cross-talk via
post-tranlational modifications. In this case, the critical
element is the quality and quantitiy of the available data.

Insufficiency and low quality of experimental data can cause
errors in the process of model construction and overfitting in
parameter estimation can lead to uncertainties in the model
predictions. We believe that the quick development of quan-
titative high throughput techniques such as transcriptomics,
proteomics and miRNomics will facilitate the construction
and characterization of larger miRNA-mediated regulatory
networks.

Other modeling frameworks than ODE-based models
can be used to describe biological systems, such as prob-
abilistic (e.g., Bayesian) or logical (e.g., Boolean) models.
Importantly, different modeling frameworks have different
properties and perform well regarding different perspectives
and levels of mechanistic details of biochemical systems [46].
For example, Bayesian models are helpful in the construction
of connections in signaling networks and can reveal the most
likely underlying structure of the network in a probabilistic
manner. Boolean models use binary values (0 and 1) and
logical gates (AND, NOT, and OR) to describe activities of
network components and the information flow among them.
We believe that in the coming future, hybrid models, which
consist of modeling framework and experimental technique
specific sub-modules, will provide the necessary compromise
between quantitative/qualitative accuracy and scalability for
the investigation of large biochemical networks [47].
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Observing what phenotype the overexpression or knockdown of gene can cause is the basic method of investigating gene functions.
Many advanced biotechnologies, such as RNAi, were developed to study the gene phenotype. But there are still many limitations.
Besides the time and cost, the knockdown of some genemay be lethal whichmakes the observation of other phenotypes impossible.
Due to ethical and technological reasons, the knockdown of genes in complex species, such as mammal, is extremely difficult.Thus,
we proposed a new sequence-based computational method called kNNA-based method for gene phenotypes prediction. Different
to the traditional sequence-based computational method, our method regards the multiphenotype as a whole network which can
rank the possible phenotypes associated with the query protein and shows a more comprehensive view of the protein’s biological
effects. According to the prediction result of yeast, we also find some more related features, including GO and KEGG information,
which are makingmore contributions in identifying protein phenotypes.This method can be applied in gene phenotype prediction
in other species.

1. Introduction

Recognition of gene phenotypes of proteins is a central chal-
lenge of the modern genetics to modulate protein functions
and biological processes, and many well-known diseases,
such as HIV [1–4], cancers [5–8], chronic liver diseases [9],
andGaucher disease [10], are all closed to protein phenotypes.
Hence, determination of protein’s phenotypes is quite fun-
damental and essential in systems biology and proteomics.
Except for phenotypes attributes, there are also many other
multilabel attributes of proteins, such as subcellular locations
[11–13] and multiple functional types of antimicrobial pep-
tides. Multilabel molecule biosystems are very common.

During the past decades, numerous efforts have been
made in the prediction of gene phenotype of yeast protein
based on the following approaches: experimental meth-
ods and computational methods. As for experimental
approaches, the high-throughput phenotype assays [14, 15]

combining with gene perturbation technology [16, 17] pro-
vide fast identification for active gene in a response [18]. For
example, using yeast mutant strain collections identifies the
phenotypes [19]. However, due to the high complexity of phe-
notypes, it is both costly and time-consuming to determine
protein phenotypes by experiments. Sometimes, the results
derived from experiment are even of high false rates [20].
Computational methods provide important complementary
tools for this problem. Many studies based on sequence-
based methods and network-based methods have been made
in protein’s gene phenotypes identification [21–23]. In this
research, we presented a new sequence-based method called
kNNA-based method to predict gene phenotypes.

2. Materals and Methods

2.1. Benchmark Dataset. In this study, 6,732 proteins of yeast
were taken from CYGD (the MIPS Comprehensive Yeast
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Table 1: Breakdown of 1462 budding yeast proteins according to their 11 phenotypes.

Tag Phenotype category Number of proteins
𝑇
1

Conditional phenotypes 536
𝑇
2

Cell cycle defects 272
𝑇
3

Mating and sporulation defects 198
𝑇
4

Auxotrophies, carbon, and nitrogen utilization defects 266
𝑇
5

Cell morphology and organelle mutants 535
𝑇
6

Stress response defects 147
𝑇
7

Carbohydrate and lipid biosynthesis 46
𝑇
8

Nucleic acid metabolism defects 219
𝑇
9

Sensitivity to amino acid analogs and other drugs 124
𝑇
10

Sensitivity to antibiotics 43
𝑇
11

Sensitivity to immunosuppressants 14
Total — 2,400

Genome Database [24], which collects information on the
molecular structure and functional network of the budding
yeast. After removing those without sequences, information,
or phenotype annotations, the remaining 1,462 composed the
benchmark dataset 𝑆. According to their phenotypes, these
proteins were classified into the following 11 categories: (I)
conditional phenotypes, (II) cell cycle defects, (III) mating
and sporulation defects, (IV) auxotrophies, carbon and nitro-
gen utilization defects, (V) cell morphology and organelle
mutants, (VI) stress response defects, (VII) carbohydrate and
lipid biosynthesis, (VIII) nucleic acid metabolism defects,
(IX) sensitivity to amino acid anaglogs and other drugs,
(X) sensitivity to antibiotics. (XI) sensitivity to immunosup-
pressants. Let us use 𝑇

1
, 𝑇
2
, . . . , 𝑇

11
to represent the tags of

the 11 phenotypic categories, where 𝑇
1
denotes “conditional

phenotypes,” 𝑇
2
denotes “cell cycle defects,” and so forth (see

column 1 and 2 of Table 1 for the correspondence of tags and
phenotypic categories).Thus, the benchmark dataset 𝑆 can be
formulated as

𝑆 = 𝑆
1
∪ 𝑆
2
∪ ⋅ ⋅ ⋅ ∪ 𝑆

11
, (1)

where 𝑆
𝑖
represents the set of proteins with tag 𝑇

𝑖
. The IDs

of proteins in each 𝑆
𝑖
are available online in Supplemen-

tary Material at http://dx.doi.org/10.1155/2013/870795. From
Table 1, we can see that the total number of proteins in each
category is much larger than the total number of proteins
investigated in this study, this means that some proteins are
associatedwithmultiple phenotypes. Like the cases in dealing
with the proteins or compounds withmultiple attributes [25–
29], the proposed method could predict multiclassification
phenotypes.

2.2. Feature Construction. The first important step to build
an efficient prediction model is to encode each sample by
numeric vector. Here, to catch the information of protein
phenotype, Gene Ontology (GO) and KEGG enrichment
scores were employed to represent the protein, which have
been used in some biological problems [30, 31].Their detailed
definition can be found at [30, 31].

2.3. Protein Representation and Feature Reduction. Each pro-
tein was represented with 4682 features which include
4583GO enrichment scores and 99 KEGG enrichment
scores. However, among the 4,682 features, some features
were with little relationship to the target, which may bring
noises to the prediction model. Therefore, these features
should be removed. Before removing the irrelevant features,
the following formula was used to adjust all features to a
standard scale:

𝑈
𝑖𝑗
=

(𝑢
𝑖𝑗
− 𝑢
𝑗
)

𝑇
𝑗

, (2)

where 𝑇
𝑗
and 𝑢

𝑗
are the standard deviation and mean value

of the jth feature, while 𝑢
𝑖𝑗
and 𝑈

𝑖𝑗
are the original value and

standardized value of the ith sample on the jth feature.
After the transformation, the correlation coefficient

between each feature with the target vector was computed
and those with correlation coefficient less than 0.1 were
discarded. Finally, 989 features remained. Within these 989
features, there were 947 Gene Ontology (GO) enrichment
scores and 42KEGG enrichment scores. Thus, each protein
𝑃
𝑧
was finally represented by a 989-D vector.

2.4. mRMRMethod. Minimum Redundancy Maximum Rel-
evance (mRMR), first proposed by Peng et al. [32], is an
effective algorithm to identify discriminative features. The
detailed algorithm of mRMR can be found at [32] and
its program can be downloaded from http://penglab.janelia.
org/proj/mRMR/.

mRMR has been widely used in the areas of bioinformat-
ics [25, 33–36].

2.5. Prediction Model

2.5.1. kNNA-Based Method. Nearest neighbor algorithm is
effective in solving classification and optimization problems
in the field of bioinformatics due to its simplicity. It is adopted
here to construct the multilabel prediction classifier.
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Within k-NNA method, we used the cosine of the angle
between two vectors to measure the similarity between them
as follows:

Cos ⟨𝑝
𝑥
, 𝑝
𝑦
⟩ =

⃗𝑝
𝑥
⋅ ⃗𝑝
𝑦


⃗𝑝
𝑥

 ⋅


⃗𝑝
𝑦



, (3)

where ⃗𝑝
𝑥
⋅ ⃗𝑝
𝑦
represents the inner product between the n-

dimensional vector of protein 𝑝
𝑥
and 𝑝

𝑦
and ‖𝑝‖ is the

modulus of the vector.
For a query protein, k proteins in the training set which

are closest to the query protein are first identified and are
denoted by 𝑝

1
, 𝑝
2
, . . . , 𝑝

𝑘
. Then, the categories of the query

protein can be inferred from the categories of the k nearest
proteins identified. The procedure of the methodology is
described in detail as follows.

(a) Identifying the k nearest neighbors of the query
protein, denoted by 𝑝

1
, 𝑝
2
, . . . , 𝑝

𝑘
, with the k cosines

of angle values as 𝑤
1
, 𝑤
2
, . . . , 𝑤

𝑘
.

(b) Then, the following formula:

𝑆 (𝑃 ⇒ 𝑗) =

𝑘

∑

𝑖=1

𝑤
𝑖
⋅ 𝑡
𝑝
𝑖
,𝑗

(𝑗 = 1, 2, . . . , 11) (4)

is used to calculate the probability that the query
protein 𝑃 belongs to the jth category, where 𝑡

𝑝
𝑖
,𝑗
is the

item in 𝑡
𝑝
𝑖

of protein 𝑝
𝑖
.

The probabilities (the scores of the 11 categories)
calculated above are sorted in descending order for
each query protein as

𝐷
↓

{𝑆 (𝑃
𝑧
⇒ 𝑗) | 𝑗 = 1, 2, . . . , 11} = 𝑉 =

[
[
[
[
[
[
[
[
[
[
[

[

𝜇
1

𝜇
2

...
𝜇
𝑗

...
𝜇
10

𝜇
11

]
]
]
]
]
]
]
]
]
]
]

]

. (5)

(c) The corresponding category labels of the category
scores are denoted as

𝑃
𝐷
↓

= [𝑃
𝜇
1 , 𝑃
𝜇
2 , . . . , 𝑃

𝜇
𝑖 , . . . , 𝑃

𝜇
11]

(𝑖 = 1, 2, . . . , 11) ,

(6)

where 𝑃𝜇𝑖 is the class that scores ith in𝐷↓.

2.5.2. Comparison with RPC-Based Method. In the ranking
by pairwise comparison (RPC) method, for each pair of
labels, a data is allocated to the pair of labels if the data belong
to one and only one of the two labels (not both). Given 𝑞

category labels, because there are 𝐶2
𝑞
= 𝑞 ⋅ (𝑞 − 1)/2 possible

pairwise combinations of the labels, data subsets, each for
corresponding pairwise labels discrimination, are generated.

Given a new instance, all pairwise classifiers are trained
to predict its label, and the ranking of the labels is obtained

by counting the votes of each label, where if the instance is
classified into a label, the label receives one vote.

Each dataset contains those examples of 𝐷 that are
annotated by at least one of the two corresponding labels,
but not both. A binary classifier that learns to discriminate
between the two labels is trained from each of these data sets.
Given a new instance, all binary classifiers are invoked, and
ranking is obtained by counting the votes received by each
label.

2.6. Evaluation

(a) Jackknife Testing.Threemethods are often used to evaluate
a prediction model, including (1) independent test dataset,
(2) subsampling (K-fold) test, and (3) jackknife Test.The first
method uses unseen data for testing, which needs a large
quantity of data. The second method partitions the training
set into 𝑘 portions, then taking each portion of the data as
the test data and the others (𝑘 − 1) as the training data. The
third one, also named as leave-one-out method, leaves each
sample out in turn as the test data and others as the training
data. To maximize the quantity of the training data, jackknife
test is used to test the predictor developed in the paper; that is,
each protein is in turn knocked out as the query protein, and
the remaining ones as the training data of the kNNA-based
method.

(b)Metric. Let us define 𝑡
𝑧,𝑃
𝜇
𝑖

𝑧

= 1 as protein𝑃
𝑧
being correctly

predicted to class 𝑝𝜇1
𝑧
; otherwise, 𝑡

𝑧,𝑃
𝜇
𝑖

𝑧

= 0.
The ith prediction accuracy𝐴𝑖 is calculated as follows (the

ith order predictions in 𝑃𝐷
↓

):

𝐴
𝑖

=

∑
𝑚

𝑗=1
𝑡
𝑗,𝑝
𝜇
𝑖

𝑗

𝑚
, (7)

wherem is the number of the training data.

2.7. Incremental Feature Selection. Incremental feature selec-
tion (IFS) is often used to search out an optimal feature subset
that performs best. Specifically, features in the ranked feature
set are added one by one from higher to lower rank and the
first n features that perform best are regarded as the optimal
features. When one feature is added, a new feature subset is
constructed.Thus, given N features,N feature subsets will be
constructed, where the ith -order feature subset is

𝑆
𝑖
= {𝑓
1
, 𝑓
2
, . . . , 𝑓

𝑖
} (1 ≤ 𝑖 ≤ 989) , (8)

in which 𝑓
𝑖
represents the ith feature taken from the mRMR

ranking.
Each feature subset is used to make prediction and the

feature subset (first n features) that performs best is deemed
as the optimal feature subset.
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Figure 1: The curve showing the trend of the 11 order prediction
accuracies.

3. Results and Discussion

3.1. Results

3.1.1. mRMRResults. WeapplymRMRmethod to the dataset,
and obtain two tables for the features (see Supplementary
Material). One is called MaxRel feature table that ranks the
features based on their relevance to the class of samples
and the other is called mRMR feature table that lists the
ranked features by the maximum relevance and minimum
redundancy to the class of samples. Such list of ranked
features was to be used in the following IFS procedure for the
optimal features set selection.

3.1.2. Performance of kNNA-Based Method. The first-order
prediction accuracy of Jackknife test is 62.38%, while 𝑘 = 17

(k-NN) and 𝑛 = 651 (number of optimal features). More
details of the 11 order prediction accuracies by using kNNA-
based method are listed in Table 2 and Figure 1. IFS curve of
kNNA-basedmethod can be seen in Figure 2, which contains
30 curves corresponding to different values of k, and their
detailed computing results of accuracy (ACC) can be seen
at Supplementary Material. We highlighted the peak area of
these curves to find optimal k in Figure 3.

3.1.3. Performance of RPC-Based Method. Firstly, we classify
the total labels into 55(𝐶5

11
) sublabels. Select the sample which

meets the demands that one sample belongs to one and only
one of the two labels (not both). Then, 55 binary subsets
were constructed. Three well-known binary classification
algorithms including RandomForest, SMO, and Dagging
were applied to build the prediction model. The prediction
results are summarized in Table 3.

3.1.4. Comparison with RPC-Based Method. We compared
the first-order prediction accuracy of our method with the
first-order prediction accuracy of RPC-based method. It can
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Figure 2: 30 IFS curves of kNNA-based method corresponding to
different values of k.
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Figure 3: The peak and its coordinate of these IFS curves.

be found that the first-order prediction accuracies of RPC-
based method using Dagging, RandomForest, and SMO are
all lower than our kNNA-based method.

3.2. Discussion. To illustrate the biological meanings of the
selected optimal feature subset, we firstly classified GO terms
into three kinds: the biological process, cellular component,
and molecular function GO terms. The 622 GO terms in the
mRMR feature list were mapped to the Gene Ontology (GO)
terms, the children of the three root GO terms. The figures
show the frequency of each GO term in the feature subset,
and display the ratio of the number of each GO term to the
scale of the number of its children terms.

3.2.1. Biological Process GO Terms. In BP frequency, the top
five GO biological process terms are GO:0009987: cel-
lular process (399), GO:0008152: metabolic process (316),
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Table 2: The 11 order prediction accuracies by kNNA-based method.

Method order
1 2 3 4 5 6 7 8 9 10 11

kNN-based
method (ACC) 62.38 30.44 22.16 14.09 9.03 6.43 5.75 2.8 3.08 3.49 4.51

Table 3: The 11 order prediction accuracies by RPC-based methods (Dagging, RandomForest, SMO).

Methods order
1 2 3 4 5 6 7 8 9 10 11

Dagging 60.05 33.58 21.96 13.75 10.53 8.28 6.57 3.56 2.6 1.85 1.44
RandomForest 58.62 34.2 22.3 14.7 9.92 7.66 5.95 5.2 3.28 1.5 0.82
SMO 56.16 34.68 21.55 14.84 10.88 7.8 6.36 4.65 3.21 2.26 1.78

GO:0019740: nitrogen utilization (216), GO:0065007: biologi-
cal regulation (136), andGO:0050789: regulation of biological
process (131). In BP percentage, the top five GO biologi-
cal processes are GO:0019740: nitrogen utilization (4.20%),
GO:0071840: cellular component organization or biogene
(3.57%), GO:0000003: reproduction (2.94%), GO:0022414:
reproductive process (2.88%), and GO:0009987: cellular pro-
cess (2.04%). For both GO biological process term number
and percentage distribution analysis, the GO terms corre-
sponding to the nitrogen utilization (GO:0019740) and cel-
lular process (GO:0009987) were highlighted within the
top five GO terms. This indicates that proteins assigned
with these two GO terms may affect protein phenotype
determination greatly. This conclusion is consistent with the
common knowledge that specific cellular biological activities
of the proteins confer with special phenotypes. It was also
reported by Granek and Magwene that two key signaling
networks: the filamentous growth MAP kinase cascade and
the Ras-cAMP-PKA pathway, can regulate the yeast colony
morphology response [37]. Additionally, the yeast cell wall
integrity pathway was involved in resistance of the yeast
Saccharomyces cerevisiae to the biocide polyhexamethylene
biguanide [38].

The highlight of nitrogen utilization (GO:0019740) sug-
gests that the nitrogen utilization, which is essential for life
survival and development, may have more definite affection
on protein phenotype. Nutrient stresses trigger a variety of
developmental switches in the budding yeast Saccharomyces
cerevisiae. It was demonstrated that low levels of carbon
combined with abundant nitrogen trigger complex colony
formation in yeast [37].

3.2.2. Cellular Component GO Terms. In CC frequency, the
top six GO cellular component terms are GO:0005623: cell
(171), GO:0044464: cell part (169), GO:0043226: organelle
(135), GO:0044422: organelle part (103), GO:0032991: macro-
molecular complex (84), and GO:0031974: membrane-
enclosed lumen (39). In CC percentage, the top six GO
cellular component terms are GO:0031974: membrane-
enclosed lumen (12.4%), GO:0044422: organelle part
(8.42%), GO:0043226: organelle (8.4%), GO:0032991:
macromolecular complex (5.20%), GO:0044464: cell part

(4.77%), and GO:0005623: cell (4.20%). For both GO
cellular component termnumber and percentage distribution
analysis, the GO terms corresponding to the organelle
(GO:0043226) and organelle part (GO:0044422) were
highlighted within the top six GO terms. It may be
concluded that proteins located in all cellular organelles
should be guaranteed. It suggests that organelles, which have
specific structural and functional attributes, may possess
more definite protein phenotype to carry out their specific
functions. This also implicated that proteins assigned to
these GO terms could contribute relatively more to the
overall protein phenotype determination. For example, the
communication between mitochondrial and nuclear loci
(i.e., COX1-MSY1 and Q0182-RSM7) showed significant
reductions in the absence of mitochondrial encoded reverse
transcriptasemachinery [39].The inclusion ofmacromolecu-
lar complex (GO:0032991) suggests that proteins expressing
some phenotype need to interact with each other to function
together and that macromolecular complex should certainly
determine the phenotype of proteins. The inclusion of
membrane-enclosed lumen (GO:0031974) also suggests that
proteins assigned to this cellular component could greatly
contribute to protein phenotype, because most of the cellular
organelles are enclosed by membrane, such as mitochondrial
and nucleus.

3.2.3. Molecular Function GO Terms. In MF frequency, the
top six GO molecular function terms are GO:0003824: cat-
alytic activity (79), GO:0005488: binding (69), GO : 0001071:
nucleic acid binding transcription factor activity (40),
GO:0000988: protein binding transcription factor activity
(14). GO:0065009: regulation of molecular function (8), and
GO:0005215: transporter activity (7). Proteins assigned to
these three GO terms required binding or interaction to carry
out their structural or functional activities. This suggests
that proteins assigned to these six GO terms contributed
profoundly to the protein phenotype. In MF percentage,
the top six GO molecular function terms are GO:0009055:
electron carrier activity (25%), GO:0016530: metallochaper-
one activity (25%), GO:0045182: translation regulator activity
(14.3%), GO:0005198: structural molecule activity (11.8%),
GO:0001071: nucleic acid binding transcription factor activity
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(9.0%), GO:0005488: binding (3.99%), and GO:0016209:
antioxidant activity (3.85%).The relatively small base number
made protein GO terms influencing protein phenotype rela-
tively more enriched in the top six molecular function GO
terms, especially in electron carrier activity (GO:0009055)
and metallochaperone activity (GO:0016530). The highlight
of electron carrier activity (GO:0009055)may be attributed to
the relatively limited and definite function of these proteins.
It was reported that some ontology drug can interact with the
electron transport chain (ETC) to generate high levels of ROS
within the organelle and consequently cell leads to death [40].
The highlight of metallochaperone activity (GO:0016530)
may be ascribed to that metalloprotein used to express
specific function with metallochaperone and metallic ion. In
all bacteria, a panel of metalloregulatory proteins controls
the expression of genes encoding membrane transporters
and metal trafficking proteins [41]. Because of the large base
number of the top six GO terms in MF frequency, they have
relatively lower enrichment within the top eight GO terms in
MF percentage.
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It is known that chromatin features such as histone modifications and the binding of transcription factors exert a significant impact
on the “openness” of chromatin. In this study, we present a quantitative analysis of the genome-wide relationship between chromatin
features and chromatin accessibility inDNase I hypersensitive sites.We found that these features show distinct preference to localize
in open chromatin. In order to elucidate the exact impact, we derived quantitative models to directly predict the “openness” of
chromatin using histone modification features and transcription factor binding features, respectively. We show that these two
types of features are highly predictive for chromatin accessibility in a statistical viewpoint. Moreover, our results indicate that these
features are highly redundant and only a small number of features are needed to achieve a very high predictive power. Our study
provides new insights into the true biological phenomena and the combinatorial effects of chromatin features to differential DNase
I hypersensitivity.

1. Introduction

In eukaryotes, DNA is organized into chains of nucleo-
somes, each of which consists of about 146 bp of DNA
wrapped around an octamer of four types of histones [1].
The packaging of chromatin into nucleosomes provides a
repressive environment for many DNA-binding proteins and
plays an important role in the regulation of transcription [2].
However, some domains in chromatin are depleted of nucle-
osomes and exhibit highly accessible structure.These nucleo-
some-free regions are supersensitive to the cleavage of DNase
I [3] and are known as DNase I hypersensitive sites (DHSs).
They are predominantly found in many active genes and cis-
regulatory elements [4]. The dynamic alterations of “open-
ness” in chromatin play important roles in many biological
processes, including transcription [5], replication [2], and
differentiation [6].

Traditionally, the experimental technique of choice to dis-
cover theDNase I hypersensitive sites is Southern blotting [7].

However, this low-throughput method is not able to study
large chromosomal regions at a time and cannot represent
the “openness” of chromatin in a quantitative manner. The
significance of differential accessibility in DNase I hypersen-
sitive sites is unknown, but it may reflect some important
biological phenomena like histone modifications and protein
occupation [8]. Even until now genome-wide quantitative
analyses of the relationship between chromatin accessibility
and chromatin features in DNase I hypersensitive sites are
rare. By taking advantage of the abundant datasets of the
ENCODE project [9], we analyzed genome-wide localization
data ofDNase I hypersensitive sites and 33 chromatin features
in human embryonic stem cell (H1hesc) cell line. All datasets
were generated by recently developed genome-wide high
throughput experimental techniques, such as Chip-seq [10,
11] and DNase-seq [12].

It is generally accepted that histonemodifications and the
binding of transcription factors are two main effectors for
the “openness” of chromatin. Previous studies have shown
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that histone modifications and transcription factors tend to
occur near or just in the DNase I hypersensitive sites [8, 13].
Recently, two studies, one in K562 cell line and the other
in Drosophila embryonic cells, have demonstrated that tran-
scription factor binding sites and the chromatin accessibility
are highly correlated with each other [6, 13]. Although these
studies provided important information, so far, quantitative
analysis of the combinatorial effects of different chromatin
features and the biological significance of differential hyper-
sensitivity is still unclear. In this work, we built support vector
regression (SVR) models to directly predict the “openness”
of chromatin in DNase I hypersensitive sites using combined
chromatin features. Our results indicate that both histone
modification features and transcription factor binding fea-
tures are predictive for chromatin accessibility with high
accuracy and these chromatin features are highly redund-
ant.

2. Materials and Methods

2.1. Datasets. All datasets are from ENCODE project, which
aims to build a comprehensive list of functional elements
in the human genome [9]. The 10 histone modifications
(HMs) and binding sites of 23 transcription factors (TFs)
were quantified using Chip-seq and downloaded from the
tracks of UCSC Genome Browser at ENCODE/Broad Insti-
tute and ENCODE/Stanford/Yale/USC/Harvard. The chro-
matin accessibility dataset was measured using DNase-seq
and downloaded from ENCODE/OpenChrom (Duke/UNC/
UTA). Each dataset includes the genome-wide sequencing
signals and regions of statistically enriched signal (peaks).
Peaks can be viewed as locations of chromatin features and
DNase I hypersensitive sites, respectively, and the values
of DNase-seq signals represent chromatin accessibility. We
must note that DNase I hypersensitivity could not be simply
viewed as binary property (peaks versus nonpeaks) but rather
continuous values (sequencing signals) representing differ-
ential chromatin accessibility. These datasets come from the
common H1hesc cell line.

2.2. Mapping HM and TF Binding Peaks to the DNase I
Hypersensitive Sites. We obtained genomic locations of 33
chromatin feature profiles, all together including 582489 his-
tone modification peaks (10HMs) and 443217 transcription
factor binding peaks (23 TFs). For each profile, we mapped
the peaks of feature onto the genome and examined whether
it localized in open chromatin or not. The presence or
absence of chromatin featurewithin accessible chromatinwas
decided by overlap or nonoverlap with DNase-seq peaks. If
there was any amount of overlap within accessible chromatin
(DNase-seq peaks), we counted as a presence [13]. Then, we
calculated the percentage of the peaks occurring in theDNase
I hypersensitive sites for each feature.

2.3. Supervised Learning Methods for Chromatin Accessibil-
ity Prediction. To investigate the quantitative relationship
between chromatin accessibility and these chromatin features
in DNase I hypersensitive sites, we constructed support

vector regression (SVR) models for HM and TF binding
features, respectively. Concretely, in every DNase I hypersen-
sitive site, we calculated the maximum signal of DNase-Seq
and the correspondingmaximum signal of Chip-Seq for each
chromatin feature. For the sake of figuring out whether the
maximum signal exhibits largest prediction power or not, as
a comparison, we also calculated the average signal of Chip-
seq andDNase-seq for each hypersensitive region.Then, SVR
model was built to predict the chromatin accessibility using
signals of these chromatin features. SVR is amachine learning
algorithm based on statistical theory for regression problems
[14, 15]. We implemented this algorithm using the “e1071” 𝑅
package [16].

In order to reduce the computation cost, we randomly
selected 5000 DHSs for our samples. The sample size anal-
ysis indicated that the prediction power increased only
moderately after the size reached 2000. So, the sample
size of 5000 is big enough to represent the entire dataset
(Supporting Information S1 which is available online at
http://dx.doi.org/10.1155/2013/914971). We used the 10-fold
cross-validation method to evaluate the prediction power.
Specifically, we randomly split our sample dataset into 10
equal size subsets. Among them, 9 subsets were used as
training data and the remaining subset was treated as the
validation data for testing the model. This process was
repeated 10 times and each subset could only be used once as
the validation data. After that, we combined the results and
plotted the regression relationship between predicted signals
and the actual DNase-seq signals. Then, the coefficient of
determination (𝑅2) [17] was computed indicating how well
these data points fit the line. 𝑅2 is also a frequently used
measure of the proportion of total variation of outcomes
explained by the model. We chose the square root of the
coefficient of determination (𝑅) as our prediction power.

2.4. Analysis of the Importance for Each Chromatin Feature
and the Combinatorial Effects of Different Features. To esti-
mate which feature exhibits the maximal prediction power,
we predicted the chromatin accessibility using only one fea-
ture. And to investigate whether HM features and TF binding
features are redundant, we next predicted the “openness”
of chromatin using all features. We also explored the com-
binatorial effects of these features. All possible one-feature
(C1
33
), two-feature (C2

33
), and three-feature (C3

33
)models were

evaluated by their performance.

2.5. Model Comparison Analysis. Instead of SVR algorithm,
we also explored the quantitative relationship between chro-
matin features and chromatin accessibility with linear regres-
sion model. Similarly, HM features, TF binding features, and
HM+TF feature combinations were applied to linear regres-
sion model, respectively. The coefficient of determination of
the predicted signals and the actual DNase-seq signals were
calculated and compared with the SVR models. In order to
identify whether the maximum signals or the average signals
exhibit largest prediction power, we also applied thesemodels
with the average signals of chromatin features to predict the
average signals of DNase-seq.



BioMed Research International 3
Pe

ak
s i

n 
ac

ce
ss

ib
le

 ch
ro

m
at

in
 (%

)

H
3

k2
7

ac
H
3

k2
7

m
e3

H
3

k3
6

m
e3

H
3

k4
m

e1
H
3

k4
m

e2
H
3

k4
m

e3
H
3

k7
9

m
e 2

H
3

k9
ac

H
3

k9
m

e3
H
4

k2
0

m
e1

BA
CH

1

BR
CA

1

CE
BP

B
CH

D
1

CH
D
2

CT
BP

2

CT
CF

G
TF

2
F1

JU
N

JU
N

D
M

A
FK

M
A

X
M

XI
1

M
YC

N
RF

1

RA
D
2
1

RF
X5

SI
N
3

A
SU

Z1
2

TB
P

U
SF
2

ZN
F1

4
3

ZN
F2

7
4

HM
TF

1.0

0.8

0.6

0.4

0.2

0.0

Mean
Mean

Figure 1: The percentages of histone modification (HM) features
and transcription factor (TF) binding features within accessible
chromatin regions. The black circle and green triangle represent
HM features and TF binding features, respectively.The two red lines
represent the mean percentages for HMs and TFs, respectively.

3. Results

3.1. The Localization Preference of Chromatin Features. We
analyzed genome-wide localizations of 33 Chip-seq profiles
in the human embryonic stem cell line (H1hesc) from
ENCODE project [9], including 10 histone modifications,
and the binding sites of 23 transcription factors. For each
profile, we mapped the peaks of Chip-seq dataset to the
DNase I hypersensitive sites (see Section 2). Figure 1 shows
the percentage of the peaks within the accessible chromatin
for each feature.We observed that different chromatin feature
exhibits different preference to chromatin accessibility. For
histonemodifications, H3k4me3 exerts the largest preference
of accessible chromatin. 82.2% H3k4me3 peaks located in
DHS. On the contrary, most H3k9me3 occurred out of DHS
(93.7%), which indicated that H3k9me3 was associated with
heterochromatin [18]. Compared to histone modifications, a
majority of transcription factors tend to bind onto accessible
chromatin, which suggests that the process of transcription
requires an open chromatin structure [19].Themean percent-
age of transcription factors locating in DHS is 60.5%, higher
than that of histone modifications (45.1%).

3.2. Predicting Chromatin Accessibility Using Histone Modi-
fication Features. In order to examine the quantitative rela-
tionship between chromatin accessibility and HM features
in a combinatorial manner, we constructed SVR model to
predict the “openness” of chromatin in DNase I hyper-
sensitive sites using all histone modification features. We
can see from Figure 2(a) that there is a linear relationship
between predicted signals and the actual DNase-Seq signals.
The coefficient of determination (𝑅2) is 0.58 indicating that
histone modification features explain about 58% variance of
chromatin accessibility.

We next examined the prediction power for every his-
tone modification feature. Figure 2(b) shows that H3k4me2,
H3k4me3, and H3k9ac exhibit the most important effects to

chromatin accessibility (𝑅 = 0.67, 0.66, 0.63, resp.). These
histone modifications are generally enriched in the promo-
ters of expressed genes [20] and the open chromatin struc-
ture plays an important role in regulating the complex
transcription process. On the other hand, H3k9me3 and
H3k36me3 exhibit the least prediction powers (𝑅 = 0.30,
0.23, resp.), which suggests that these modifications are asso-
ciated with heterochromatin [21, 22]. Interestingly, H3k27ac
and H4k20me1, which are the most predictive histone mod-
ifications for gene expression levels [23], are not the most
important features associated with chromatin accessibility.

3.3. Predicting Chromatin Accessibility Using Transcription
Factor Binding Features. Previous studies have shown that
transcription factors tend to bind onto open chromatin
and they are highly correlated with each other [6, 13]. To
investigate the quantitative relationship of the binding of
transcription factors and the chromatin accessibility in a
combinatorial manner, we next applied our SVR model to all
TF binding features. As shown in Figure 3(a), the TF model
achieves a coefficient of determination (𝑅2) of 0.58 which
is equal to that achieved by HM model. These TF binding
features can also explain about 58% variance of chromatin
accessibility.

For the prediction power of particular TF binding feature,
there is a difference with that of histone modifications; that
is, most transcription factors exhibit important effects to
chromatin accessibility (Figure 3(b)). This is consistent with
their functions because transcription factors directly control
the complex transcription process [24] which requires an
open chromatin environment. However, a small group of
features exhibit lower prediction powers, such as SUZ12,
CTCF, and ZNF274 (𝑅 = 0.37, 0.36, 0.33, resp.). ZNF274 and
SUZ12 are known to be transcriptional repressors [25, 26].
CTCF has many roles, such as transcriptional repression,
insulator function, and imprinting genetic information [27].
These factors are not so important to contribute to the
“openness” of chromatin.

3.4. Chromatin Features Are Highly Redundant to Chromatin
Accessibility. The previous analyses suggest that both his-
tone modification features and transcription factor binding
features are predictive for chromatin accessibility with high
accuracy in DNase I hypersensitive sites. So, there is a
question that whether the prediction power will increase if
we use all these features. To address this question, we directly
predicted the “openness” of chromatin using all features. As
shown in Figure 4(a), the coefficient of determination (𝑅2 =
0.66) is a little higher (8%) than using only HMor TF binding
features, which indicates that these two types of features
are highly redundant. To check the importance of different
features and their combinatorial effects, we tried to build
models with all possible combinations of one to three features
(Figure 4(b)). Focusing on the three-feature combinations
(5456 models), we found that the least prediction power
combinations (H3k36me3,H3k9me3, and ZNF274,𝑅 = 0.45)
could achieve about 56% prediction power of the full model
(𝑅 = 0.81). And there are 110 combinations achieving more
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Figure 2: Prediction accuracy of chromatin accessibility using HM features. (a) Scatter plot of predicted versus experimentally measured
DNase-seq signals using all HM features. The black line represents the linear fit between predicted and measured signals (𝑅2, coefficient of
determination). (b) Prediction powers (𝑅, the square root of coefficient of determination) of the SVR models using only one particular HM
feature.
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Figure 3: Prediction accuracy of chromatin accessibility using TF binding features. (a) Scatter plot of predicted versus experimentally
measured DNase-seq signals using all TF binding features. The black line represents the linear fit between predicted and measured signals
(𝑅2, coefficient of determination). (b) Prediction powers (𝑅, the square root of coefficient of determination) of the SVR models using only
one particular TF binding feature.

than 90% prediction power of the full one. These analyses
indicate that most of these features are highly redundant for
chromatin accessibility.

By examining the 110 high prediction power combina-
tions, we found that seven chromatin features, H3k4me2,
H3k4me3, H3k9ac, H4k20me1, SIN3A, ZNF143, SUZ12, were
significantly enriched (𝑃 < 0.01, hypergeometric test)
in the set of 110 models. Interestingly, all these features
showed high prediction powers in the one-feature models
except H4k20me1 and SUZ12. H4k20me1 is a particular one,
which has been reported for the most predictive histone
modification for gene expression [23]. SUZ12 is a part of
PolycombRepressiveComplex 2 (PRC2) andmay be involved
in chromatin silencing with noncoding RNA [25].Themech-
anisms of how SUZ12 influences chromatin structure are

unknown; however, itmay exert distinct impact on chromatin
accessibility compared with other features.

3.5. Comparison with Other Models. In this study, we chose
the SVR algorithm and the maximum signal in every hyper-
sensitive region tomodel the relationship between chromatin
features and chromatin accessibility. Generally, the SVR
algorithm is a nonlinear regression method. We also have
explored modeling using linear regression model and the
average signal in every region. As shown inTable 1, prediction
powers of models using average signal are significantly lower
than the corresponding maximum signal models. And in
either situation, the SVR models exhibit higher prediction
power than linear models. Our results indicate that the
“openness” of chromatin is determined by the maximum
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Figure 4: Redundancy of HM features and TF binding features. (a) Scatter plot of predicted versus experimentally measured DNase-seq
signals using all HM and TF binding features. The black line represents the linear fit between predicted and measured signals (𝑅2, coefficient
of determination). (b) Comparison of prediction powers (𝑅, the square root of coefficient of determination) between all possible one-feature,
two-feature, three-feature models, and the full model in H1hesc.

Table 1: Comparison of prediction powers with different models.
The prediction power is represented as the square root of the coeffi-
cient of determination (𝑅) for predicted and the actual DNase-seq
signals. LM: linear regression model.

Model SVR LM SVR LM
(max signal) (max signal) (avg signal) (avg signal)

HM 0.76 0.69 0.70 0.56
TF 0.76 0.63 0.69 0.53
HM + TF 0.81 0.73 0.75 0.61

signal of features and their relationships are assumed as a
nonlinear relevance.

4. Discussion

In this work, we presented quantitative analyses of the
relationship of histonemodifications and the binding of tran-
scription factors to chromatin accessibility separately and
combinedly in DNase I hypersensitive sites. We first exam-
ined the percentage of feature peaks within DNase hypersen-
sitive sites (DHSs) in human embryonic stem cell (H1hesc)
line. We found that different chromatin features showed
different location preference in DHS. This may be due to the
particular function of different chromatin features. Thurman
et al. have done similar analysis in K562 cell line [13] for TF
binding features. In our analysis, we find that the percentage
of transcription factors within DHS is significantly lower in
theH1hesc cell line than that inK562 cell line.The reasonmay
be as follows: in order to maintain the “stemness” state, most
genes are repressed in the stem cell compared to the cancer
cell line K562. This phenomenon means that the degree to
which chromatin features occur in accessible chromatin may
differ according to different cellular circumstances.

Our results demonstrate that both histone modification
(HM) features and transcription factor (TF) binding features

account for nearly 58% variance of chromatin accessibility
in H1hesc cell line. For histone hallmarks, many activators of
gene expression exhibited important impact on the “open-
ness” of chromatin, such as H3k4me [21] and histone acety-
lations [28]. The hallmarks of repressors for gene expression
such as H3k9me3 [21] show lower prediction powers. Unex-
pectedly, the transcription elongation hallmark H3k36me3
[29] shows the least prediction power. This is consistent with
the viewpoint of a recently published paper. Chantalat et al.
[22] argued that H3k36me3 is associated with constitutive
and facultative heterochromatin. For TF binding features, the
majority of TFs showed an important impact on chromatin
accessibility except some transcriptional repressors, such
as ZNF274 and SUZ12. This may indicate that the complex
transcription process requires open chromatin environment
[19].

It is generally accepted that cellular factors regulate
the complex dynamic change of chromatin structure in a
collectivemanner.Wehave shown that these features is highly
redundant to predict chromatin accessibility and a small
subgroup of features are able to achieve a very high predi-
ction power. However, the mechanism of how these features
cooperatively impact the openness of chromatin is still
unclear, and we must note that our analysis could not reveal
the “cause” or “consequence” relationship of HM and TF
binding features to chromatin accessibility. Histone modifi-
cations play an important role in creating and maintaining
the accessible chromatin environment [30] and may act as
docking sites for transcription factors [31]. Some pioneer
TFs tend to bind onto the genome and create an accessible
site, such as FoxA1 [32] which is the best known pioneer
transcription factor. Then, more transcription factors tend to
bind onto the opening site and the DNase I hypersensitive
site is created. As an extension, future work could explore
the mechanisms of how these features cooperatively regulate
open chromatin structure and their causal relationships,
based on increased datasets.
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5. Conclusion

We present genome-wide quantitative analysis of the impact
of chromatin features to chromatin accessibility in DNase I
hypersensitive sites. Our findings indicate that both histone
modifications and the binding of transcription factors could
explain nearly 58% variation of the “openness” of chromatin
structure. The combinatorial effect analyses reveal that these
chromatin features are highly redundant for prediction and
H3k4me2, H3k4me3, H3k9ac, SIN3A, and ZNF143 show
closest association with chromatin accessibility. Our results
provide insights into the systematic effects of chromatin fea-
tures to differential chromatin accessibility.

Abbreviations

DHS: DNase I hypersensitive site
HM: Histone modification
SVR: Support vector regression.
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2.8 Å resolution,” Nature, vol. 389, no. 6648, pp. 251–260, 1997.

[2] J. D. Anderson and J. Widom, “Sequence and position-
dependence of the equilibrium accessibility of nucleosomal
DNA target sites,” Journal of Molecular Biology, vol. 296, no. 4,
pp. 979–987, 2000.

[3] C. Dingwall, G. P. Lomonossoff, and R. A. Laskey, “High
sequence specificity of micrococcal nuclease,” Nucleic Acids
Research, vol. 9, no. 12, pp. 2659–2674, 1981.

[4] D. S. Gross andW. T. Garrard, “Nuclease hypersensitive sites in
chromatin,” Annual Review of Biochemistry, vol. 57, pp. 159–197,
1988.

[5] P. N. Cockerill, “Structure and function of active chromatin and
DNase I hypersensitive sites,” FEBS Journal, vol. 278, no. 13, pp.
2182–2210, 2011.

[6] X.-Y. Li, S. Thomas, P. J. Sabo, M. B. Eisen, J. A. Stamatoyan-
nopoulos, andM.D. Biggin, “The role of chromatin accessibility
in directing the widespread, overlapping patterns of Drosophila
transcription factor binding,” Genome Biology, vol. 12, article
R34, 2011.

[7] Q. Lu and R. Bruce, “DNaseI hypersensitivity analysis of chro-
matin structure,” in Epigenetics Protocols, pp. 77–86, Humana
Press, 2004.

[8] A. P. Boyle, S. Davis, H. P. Shulha et al., “High-resolution map-
ping and characterization of open chromatin across the gen-
ome,” Cell, vol. 132, no. 2, pp. 311–322, 2008.

[9] I. Dunham, A. Kundaje, S. F. Aldred et al., “An integrated
encyclopedia of DNA elements in the human genome,” Nature,
vol. 489, pp. 57–74, 2012.

[10] P. J. Park, “ChIP-seq: advantages and challenges of a maturing
technology,” Nature Reviews Genetics, vol. 10, no. 10, pp. 669–
680, 2009.

[11] E. R. Mardis, “ChIP-seq: welcome to the new frontier,” Nature
Methods, vol. 4, no. 8, pp. 613–614, 2007.

[12] L. Song and G. E. Crawford, “DNase-seq: a high-resolution
technique for mapping active gene regulatory elements across
the genome from mammalian cells,” Cold Spring Harbor Proto-
cols, 2010.

[13] R. E. Thurman, E. Rynes, R. Humbert et al., “The accessible
chromatin landscape of the human genome,” Nature, vol. 489,
pp. 75–82, 2012.

[14] C. Nello and J. Shawe-Taylor, An Introduction to Support Vec-
tor Machines and Other Kernel-Based Learning Methods, Cam-
bridge University Press, 2000.

[15] C. Cheng, K.-K. Yan, K. Y. Yip et al., “A statistical framework
for modeling gene expression using chromatin features and
application to modENCODE datasets,”Genome Biology, vol. 12,
no. 2, article R15, 2011.

[16] D. Evgenia, K. Hornik, F. Leisch, D. Meyer, and A. Weingessel,
“Misc functions of the Department of Statistics (e1071), TU
Wien,” R package pp. 1–5, 2008.

[17] B. S. Everitt, Cambridge Dictionary of Statistics, Cambridge
University Press, New York, NY, USA, 2nd edition, 2002.

[18] J. Bartkova, P. Moudry, Z. Hodny, J. Lukas, R. D. Meyts, and J.
Bartek, “Heterochromatin marks HP1𝛾, HP1𝛼 and H3K9me3,
and DNA damage response activation in human testis develop-
ment and germ cell tumours,” International Journal of Androl-
ogy, vol. 34, no. 4, pp. e103–e113, 2011.

[19] D. Sproul, N. Gilbert, and W. A. Bickmore, “The role of
chromatin structure in regulating the expression of clustered
genes,”Nature Reviews Genetics, vol. 6, no. 10, pp. 775–781, 2005.

[20] K. Regha, M. A. Sloane, R. Huang et al., “Active and repressive
chromatin are interspersed without spreading in an imprinted
gene cluster in the mammalian genome,”Molecular Cell, vol. 27,
no. 3, pp. 353–366, 2007.

[21] R. Margueron and D. Reinberg, “Chromatin structure and the
inheritance of epigenetic information,”Nature ReviewsGenetics,
vol. 11, no. 4, pp. 285–296, 2010.

[22] S. Chantalat, A. Depaux, P. Héry et al., “Histone H3 trimethyla-
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One of the most important and challenging problems in biomedicine is how to predict the cancer related genes. Retinoblastoma
(RB) is the most common primary intraocular malignancy usually occurring in childhood. Early detection of RB could reduce
the morbidity and promote the probability of disease-free survival. Therefore, it is of great importance to identify RB genes. In this
study, we developed a computationalmethod to predict RB related genes based onDagging, with themaximum relevanceminimum
redundancy (mRMR) method followed by incremental feature selection (IFS). 119 RB genes were compiled from two previous RB
related studies, while 5,500 non-RB genes were randomly selected from Ensemble genes. Ten datasets were constructed based on all
these RB and non-RB genes. Each gene was encoded with a 13,126-dimensional vector including 12,887 Gene Ontology enrichment
scores and 239 KEGG enrichment scores. Finally, an optimal feature set including 1061 GO terms and 8 KEGG pathways was
obtained. Analysis showed that these features were closely related to RB. It is anticipated that the method can be applied to predict
the other cancer related genes as well.

1. Introduction

Retinoblastoma (Rb) is a rapidly developing cancer in infants
that develops in the cells of retina, the light-detecting tissue of
the eye [1], which can be heritable or nonheritable. The most
common and obvious sign of retinoblastoma is an abnormal
appearance of the pupil, leukocoria, also known as amaurotic
cat’s eye reflex [2]. Retinoblastoma is rare and affects approxi-
mately 1 in 15,000 live births, but it is themost common inher-
ited childhood malignancy. In China, around 1100 new cases
are diagnosed each year, just second to that of India. Patients
without diagnosis and being treated untimely would undergo
enucleation or even die. In about two-thirds of cases, only one
eye is affected (unilateral retinoblastoma); in the other third,
tumours develop in both eyes (bilateral retinoblastoma). The
number and size of tumours on each eye may vary [2].

As a kind of neural ectoderm tumor, heritable Rb is
mainly caused by the mutation of Rb gene and dysfunction
of tumor suppressor genes [3]. In these years, a rise in
the number of cases was found, which was partly blue to
the environmental pollution. The defective RB1 gene can be
inherited from either parents; in some children, however, the
mutation occurs in the early stages of fetal development [4].
Somatic amplification of the MYCN oncogene is responsible
for some cases of non-hereditary, early onset, aggressive, and
unilateral Rb. Although MYCN amplification accounted for
only 1.4% of Rb cases, researchers identified it in 18% of
infants diagnosed at less than 6 months of age. Median age at
diagnosis for MYCN Rb was 4.5 months, compared with 24
months for those who had nonfamilial unilateral disease with
two RB1 gene mutations [5]. Bilaterally affected individuals
and 13%–15% of unilaterally affected individuals are expected
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to show an RB1 mutation in blood [6, 7]; the rest 85% of
unilaterally affected patients were found not to carry either
of their eye tumor RB1 mutations in blood; neither molecular
testing nor clinical surveillance of siblings is required [8]. So
to find more molecular markers or more effective prediction
method is crucial for Rb diagnosis.

System biology approaches for discovering cancer related
genes have been reported [9–11]. The Gene Ontology (GO)
is a major bioinformatics tool to unify the representation
of gene and gene product attributes across all species [12].
GO terms have been used previously to characterize protein
function and to elucidate trends in protein datasets [13]. In
addition, it has been shown that GO annotations are good
predictors of cancer genes [14]. The Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathway database is a widely
used comprehensive inference for pathwaymapping of genes.

Here, we developed a new systems biological measure
to effectively and deficiently identify RB genes and their
pathways. First, we identified 119 RB genes from the overlap
of two gene expression studies of retinoblastoma. In order
to identify GO terms and KEGG pathways that are distinct
between RB and non-RB genes, 5,500 non-RB genes were
randomly selected from the Ensembl genes. Then all the
genes were encoded with 12,887 Gene Ontology enrichment
scores and 239 KEGG enrichment scores. mRMR and IFS
was used to rank these features. Dagging was employed
as the prediction engine. Finally, 1061 GO terms and 8
KEGG pathways were obtained as the optimal features to
discriminate an RB and non-RB gene, which has been shown
to be closely related to RB.

2. Materials and Methods

2.1. Dataset. The 119 consistently differentially expressed
genes between retinoblastoma and normal retina were
obtained from the overlap between differentially expressed
genes discussed in two gene expression studies of retinoblas-
toma [15, 16] (see Supplementary Material available at http://
dx.doi.org/10.1155/2013/304029). In Chakraborty et al.’s study
[15], there was a total of 10 RB samples and three normal
retina samples. Human 19K cDNA microarray which was
interrogating 19,000 human genes was used to get the expres-
sion profiling and the raw data were normalized by grid-
wise normalization. In Ganguly and Shields’s study [16], they
investigated the gene expression of six matched RB tissues
and normal retinal tissues with GeneChip Human U133 V2.0
microarray. Both the Affymetrix standard protocols and the
standard model-based methods of robust multichip average
were used. The values are background adjusted, normalized,
and log transformed. There were 110 proteins corresponding
to these 119 RB genes, which were regarded as positive
samples in this study. The gene symbols were mapped to
Ensembl proteins IDwith the tool BioMart [17].We randomly
selected 110 × 50 = 5,500 non-RB genes from Ensembl as the
negative samples. We refer the reader to [18] to deal with
imbalanced data; all the negative samples were randomly split
into 10 parts to comprise 10 datasets with the 110 positive
samples. All the RB related genes and non-RB related genes
are given in Supplementary S1.

2.2. Gene Ontology and KEGG Enrichment Scores. The Gene
ontology enrichment score of a protein is defined as the
−log10 of the hypergeometric test 𝑃 value [19–21] of its
direct neighbors in STRING network [22]. The higher the
enrichment score of a certain Gene Ontology term, the
more overrepresented it is. There were 12,887 Gene Ontology
enrichment score features. In the same way, the KEGG
enrichment score of a protein is defined as the −log10 of the
hypergeometric test 𝑃 value [19, 20] of its direct neighbors in
STRING network [22]. The higher the enrichment score of
one pathway, the more overrepresented the pathway is.There
were 239 KEGG enrichment score features.

2.3. Feature Reduction. We calculated the Cramer’s V coeffi-
cient [23, 24] between features and target variables. Cramer’s
V coefficient is a statistical measurement derived from the
Pearson Chi-square test [25]. It ranges from 0 to 1. The
smaller Cramer’s V coefficient indicates weaker association.
The features with Cramer’s V coefficient small than 0.1 were
removed.

2.4. mRMR Method and Dagging. We used the minimum
redundancy maximal relevance (mRMR) method to rank
the importance of the features [26]. The mRMR method
ranks features based on both their relevance to the target
and the redundancy between features. A smaller index of a
feature denotes that it has a better tradeoff betweenmaximum
relevance to the target and minimum redundancy. For detail,
please refer to our previous works [21, 27–31].

Dagging is a metaclassifier that employs majority vote to
combinemultiplemodels derived from a single learning algo-
rithm using disjoint samples [32]. For a training dataset I =
{𝑠
1
, 𝑠
2
, . . . , 𝑠

𝑛
}, 𝑘 disjoint subsets of size 𝑛 are constructed by

randomly taking samples in I without replacement, where
𝑘𝑛


≤ 𝑛. Use a basic classifier to derive 𝑘 classificationmodels
𝑀
1
,𝑀
2
, . . . ,𝑀

𝑘
from the constructed 𝑘 disjoint subsets ofI.

For a query sample, each of these models provides an output.
The final predicted result is the class withmost votes. InWeka
3.6.4 [33], the classifier “Dagging” implements the dagging
classifier described above. In this study, it was employed as
the classification model. For convenience, it was run with
its default parameters. In detail, SMO is used as a basic
classifier, and 𝑘 is set to 10. In recent years, Dagging has been
employed to deal with some biological problems [34–37]. Its
performances in these studies show that it can be superior to
some classic classifiers in some cases.

2.5. Ten-Fold Cross Validation and Incremental Feature Selec-
tion (IFS). Ten-fold cross validation was often used to eval-
uate the performance of a classifier [38]. To evaluate the
performance of the predictor, the prediction accuracy, speci-
ficity, sensitivity, and MCC (Matthews’s correlation coeffi-
cient) were calculated as follows:

accuracy = TP + TN
TP + TN + FP + FN

,

sensitivity = TP
TP + FN

,
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specificity = TN
TN + FP

,

MCC = TP × TN − FP × FN
√(TP + FP) (TP + FN) (TN + FP) (TN + FN)

,

(1)

where TP denotes true positive. TN denotes true negative. FP
denotes false positive and FN denotes false negative.

Based on the features ranked by mRMR, we used incre-
mental feature selection (IFS) [21, 28, 39, 40] to determine the
optimal number of features. During IFS procedure, features
in the ranked feature set are added one by one from higher to
lower rank. A new feature set is composed when one feature
is added. For each of the feature sets, a Dagging classifier is
constructed and tested using ten-fold cross-validation test.
Thus, an IFS table is obtained with one column being the
index of the feature set and the other columns being the
prediction accuracies, sensitivities, specificities, and MCCs.
We then can get the optimal feature set, using the predictor
that achieves the best prediction performance.

3. Results and Discussion

3.1. The mRMR Result. After running the mRMR software,
we obtained two tables for each of the ten datasets (see
Supplementary S2): one is called MaxRel feature table that
ranks the features according to their relevance to the class of
samples and the other is called mRMR feature table that lists
the ranked features by themaximumrelevance andminimum
redundancy to the class of samples. In the mRMR feature
table, a feature with a smaller index implies that it is more
important for discriminating RB and non-RB genes. Such
list of ranked feature was to be used in the following IFS
procedure for the optimal feature set selection.

3.2. IFS Result. By adding the ranked features one by one, we
built 500 individual predictors based on 500 subfeature sets to
predict RB genes for each of the ten datasets. We then tested
the prediction performance for each of the 500 predictors
and obtained the IFS results (see Supplementary S3). The IFS
curves plotted based on the data of Supplementary S3 are
shown in Figure 1. The IFS curve of dataset 1 is shown in
Figure 1, we can see that the maximal MCC was 0.5174 when
156 features as given in Supplementary S3 were used. Such 156
features were regarded as the optimal feature set for dataset
1. Based on these 156 features, the prediction sensitivity,
specificity, and accuracy were 0.5727, 0.9291, and 0.8697,
respectively (Table 1). For the other nine datasets, the IFS
results can be found in Supplementary S3 and corresponding
IFS curves can be found in Supplementary S4. Finally, we
took the union of optimal features for all the ten datasets as
the final optimal feature set, which included 1061 GO terms
and 8 KEGGpathways (see Supplementary S5). Hereafter, the
further analysis was based on this final optimal feature set.

3.3. 119 RB Genes Enrichment Analysis. To compare the en-
richment result of only positive sample and the selected GO
and KEGG terms, we conducted the enrichment analysis
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Figure 1: IFS curve for the first datasets. The maximal MCC was
0.5174 when 156 features were used.

for the 119 RB genes. The results showed that 12 GO terms
were enriched significantly (Benjamini adjusted 𝑃 value <
0.05; see Supplementary S6). Among them, two GO terms
(GO:0007049: cell cycle andGO:0000087:Mphase ofmitotic
cell cycle) were in our optimal feature set. For KEGG path-
ways, only hsa04110 (cell cycle) was significantly enriched
(see Supplementary S6) and it has been included in our
optimal feature set for distinguishing RB genes and non-
RB genes, which suggested that these three enriched terms
including GO:0007049: cell cycle, GO:0000087: M phase
of mitotic cell cycle, and hsa04110: cell cycle are critical
discriminators for RB genes and non-RB genes.

3.4. Analysis of the Optimal Feature Set

3.4.1. GO Number and Percentage. To illustrate the biological
meanings of the selected optimal feature subset, we firstly
tried to classify GO terms in the optimal set into the
three kinds: the biological process, cellular component, and
molecular function GO terms. And the GO terms of the
feature obtained by mRMR method were mapped to the
children of the three root GO terms. The figures show the
frequency of each GO term in the feature subset and display
the ratio of the number of each GO term to the scale of the
number of its children terms.

(1) Biological Process GO Terms. From Figure 2, it can be
seen that in the frequency of BP terms, the top five GO
biological process terms are GO:0009987: cellular process
(662), GO:0008152: metabolic process (425), GO:0065007:
biological regulation (386), GO:0050789: regulation of bio-
logical process (364), and GO:0019740: nitrogen utilization
(210). The inclusion of cellular process (GO:0009987), bio-
logical regulation (GO:0065007), and regulation of biological
process (GO:0050789) within the top five frequencies of GO
terms may suggest that these biological functions performed
by certain proteins at the cellular level are very important in
normal persons and may be dysfunctional in Rb patients.

For the percentage of BP terms, the top five GO biological
processes are GO:0006794: phosphorus utilization (4.99%),
GO:0022610: biological adhesion (4.85%), GO:0008283: cell
proliferation (4.81%), GO:0071840: cellular component orga-
nization or biogenesis (4.26%), and GO:0019740: nitrogen
utilization (4.08%). Phosphorus utilization provides cells
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Table 1: The predicted results for ten datasets.

Dataset Optimal feature number Sn Sp Acc MCC
1 156 0.5727 0.9291 0.8697 0.5174
2 141 0.6273 0.9218 0.8727 0.5452
3 337 0.7364 0.8691 0.8470 0.5347
4 140 0.6000 0.9327 0.8773 0.5471
5 126 0.5636 0.9436 0.8803 0.5434
6 489 0.6273 0.9255 0.8758 0.5527
7 78 0.5545 0.9527 0.8864 0.5588
8 222 0.6364 0.9345 0.8848 0.5795
9 319 0.6545 0.9218 0.8773 0.5663
10 235 0.5545 0.9491 0.8833 0.5495

Mean (standard deviation) 0.6127 (0.0567) 0.928 (0.0234) 0.8755 (0.0113) 0.5494 (0.017)
Sn: sensitivity; Sp: specificity; Acc: accuracy; MCC: Matthews’s correlation coefficient.
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Figure 2: Illustrating the distribution of GO terms of biological process in the optimal feature set. (a)The frequency of GO terms of biological
process. (b) The percentage of GO terms of biological process.

phosphorylation sources and ensures regular cellular activ-
ities. From the GO biological process term percentage dis-
tribution, it can be seen that GO terms related with cell
proliferation and biological adhesion are also highlighted,
although their term numbers are less than those of the others.
This indicates that proteins assigned with these two GO
terms have relatively high influence on RB. For example,
RB1 is a key regulator of cell proliferation and fate in
retinoblastoma, phosphorylation of which can lead to con-
formational alterations and inactivates the capability of RB1
to bind partner proteins [41]. Cell adhesion also contributes
to normal cells’ exchange and communication. Epithelial cell
adhesion molecule (EpCAM) can regulate expression of the
oncogenicmiR17-92 cluster inRB and thereby controls Rb cell
proliferation and invasion [42].

(2) Cellular Component GO Terms. In Figure 3(a), for fre-
quency of CC terms, the top five GO cellular com-
ponent terms are GO:0005623: cell (158), GO:0044464:
cell part (145), GO:0043226: organelle (76), GO:0044422:
organelle part (63), and GO:003299: macromolecular com-
plex (60), mostly because of their large base numbers.
In the percentage of CC terms, the top five GO cellu-
lar component terms also include GO:0044420: extracel-
lular matrix part (9.09%), GO:0031012: extracellular matrix
(7.07%), GO:0031974: membrane-enclosed lumen (5.41%),
GO:0044422: organelle part (5.15%), and GO:0043226:
organelle (4.73%).

Extracellularmatrix is associated with cell adhesionmen-
tioned in the last section. Inadhesive cells having destroyed
extracellular matrix and no natural protections tend to be
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Figure 3: Illustrating the distribution of GO terms of cellular component in the optimal feature set. (a)The frequency of GO terms of cellular
component. (b) The percentage of GO terms of cellular component.

tumor cells under outside pressures. Here, from the per-
centage distribution, it is suggested that extracellular matrix
was highly related with RB. Additionally, the inclusion of
membrane-enclosed lumen, organelle, and organelle part
indicated that cell organelles (with or without membrane)
may involve in Rb too.

(3) Molecular Function GO Terms. In Figure 4, the top
five GO molecular function terms of frequency are
GO:0003824: catalytic activity (152), GO:0005488: binding
(85), GO:0000988: protein binding transcription factor
activity (51), GO:0065009: regulation of molecular function
(38), and GO:0005215: transporter activity (30). Because
of large base numbers, protein GO terms related to RB are
relatively more enriched in the top five molecular function
GO terms, especially in catalytic activity (GO:0003824)
and binding (GO:0005488). Proteins assigned to these GO
terms required interaction to carry out their structural
or functional activities. This suggests that dysfunction of
proteins assigned to these GO terms contributed profoundly
to Rb tumorogenesis. The highlight of catalytic activity
(GO:0003824) may be attributed to the fact that many Rb
related proteins are involved in catalytic activities such as
enzymes. The highlight of binding (GO:0005488) may be
ascribed to the fact that proteins expressing specific function
should regulate or interact with others through binding each
other. Biological progresses such as phosphorylation and
acetylation are critical in disease and both of them need
certain enzyme to catalyze; for example, phosphorylated p53
can intiatie cell cycle arrest of abnormal cells and acetylated
ones can cause apoptosis of injured cells [43, 44], and all these
processes need binding and catalysis to execute function.

In Figure 4(b), the top five GO molecular function
terms are GO:0045182: translation regulator activity (14.3%),
GO:0030234: enzyme regulator activity (7.78%), GO:0001071:
nucleic acid binding transcription factor activity (6.31%),
GO:0044093: positive regulation of molecular function
(6%), and GO:0005198: structural molecule activity (5.88%).
Because of the large base number of the top five GO terms
in frequency, they have relatively lower enrichment than the
top fiveGO terms in percentage. But, the top fiveGO terms in
MFpercentage are all interrelatedwith these in BP percentage
and CC percentage. For example, ribosome as a kind of
organelle serves as translation vehicle in cells, which may
somehow take part in the translation regulation. RB protein
phosphorylation also needs enzyme to catalyze [45].

3.4.2. The KEGG Pathways in the Optimal Set. We got
eight KEGG pathway terms in the optimal set of fea-
tures (see Supplementary S5), which are hsa00520 (amino
sugar and nucleotide sugar metabolism) and has 00563
(glycosylphosphatidylinositol- (GPI-) anchor biosynthesis),
hsa03015 (mRNA surveillance pathway), hsa03440 (homol-
ogous recombination), hsa03450 (nonhomologous end join-
ing), hsa04110 (cell cycle), hsa04114 (oocyte meiosis), and
hsa04330 (notch signaling pathway). Among them, amino
sugar and nucleotide sugar metabolism (hsa00520) empha-
size the sugar metabolism in eye cancer. Glycosylphosphat-
idylinositol- (GPI-) anchor biosynthesis (hsa00563) pathway
is related with anchoring of proteins outside of membrane.
The next three are all included in genetic information pro-
cessing pathway.ThemRNA surveillance pathway (hsa03015)
involved in translation and the other two deal with repli-
cation and repair. Cell cycle (hsa04110) and oocyte meiosis
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Figure 4: Illustrating the distribution of GO terms of molecular function in the optimal feature set. (a) The frequency of GO terms of
molecular function. (b) The percentage of GO terms of molecular function.

(hsa04114) are related to cell growth and death, and notch sig-
naling pathway (hsa04330) is involved in signal transduction.

The canonical pathway that links tumor suppressor gene
Rb to human cancers details its interaction with the E2F
transcription factors and cell-cycle progression [46]; recent
studies have shown a significant role for RB-1 in the suppres-
sion of glycolytic and glutaminolytic metabolism [47, 48]. So
the RB-E2F axis and the up- and down-stream genes should
be very important in finding new potent antitumor target for
Rb treatment.

4. Conclusion

We proposed a computational method to identify cancer
related genes taking GO enrichment scores and KEGG
enrichment scores as features. We applied this method to RB.
An optimal feature set including 1061 GO terms and 8 KEGG
pathways was revealed by ourmethod, which has been shown
to be closely related to RB.We believe this method is efficient
and effective in prediction of novel cancer related genes and
has universal applicability in the cancer research.
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