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High-throughput technologies, such as microarray and next
generation sequencing (NGS), have emerged as a powerful
tool less than a decade ago and have produced an avalanche
of genome sequences. Computational genomics, which focus
on computational analysis from genome sequences to other
postgenomic data, including both DNA and RNA sequences,
protein profiling, and epigenetic profiling, have become one
of the most important avenues for biological discovery.
Transforming genomic information into biomedical and
biological knowledge requires creative and innovative new
computational methods for all aspects of genomics. In this
special issue, we selected fifteen high-quality papers in computational genomics field after in-depth peer review, and we
briefly described these papers below.
Z. Su et al. performed an extensive analysis of the
mouse knockout phenotype data and corroborated a strong
effect of duplicate genes on mouse genetics robustness. The
study suggested the potential correlation between the effect
of genetic buffering and sequence conservation as well as
protein-protein interactivity.
Y. Guo et al. developed a software package, O18Quant,
which calculated the peptide/protein relative ratio and provided a friendly graphical user interface (GUI). The software
greatly enhanced user’s visualization and understanding in
quantitative proteomics data analysis.
S. Zhao et al. developed an R package, “heatmap3,”
which significantly improved the original “heatmap” function
by adding several more powerful and convenient features,

including highly customizable legends and side annotation,
a wider range of color selections, and new labeling features.
W. Chen et al. developed a newly developed software
package, Genepleio, to estimate the effective gene pleiotropy
from phylogenetic analysis of protein sequences. This work
would facilitate the understanding of how gene pleiotropy
affected the pattern of genotype-phenotype map and the
consequence of organismal evolution.
S. Lee at al. developed the BLAST-like alignment tool
(BLAT) based comparative analysis for transposable elements
(BLATCAT) program and compared specific regions of
representative primate genome sequences.
H. Zhang et al. developed a new method for tumor-gene
selection, the chi-square test-based integrated gene rank and
direct classifier. The informative genes selected significantly
improved the independent test precision of other classifiers.
L. Zhong et al. analyzed miRNA-mRNA paired variations
(MMPVs) comprehensively and demonstrated that the existence of MMPVs is general and widespread but that there is a
general unbalance in the distribution of MMPVs among the
different pathological features.
N. Jin et al. systematically evaluated frequently used
methods using two types of integration strategies, empirical
and machine, and provided an important basis for future
network-based biological research learning methods.
H. Zhao et al. developed an integrated strategy to identify
differential coexpression patterns of genes and probed the
functional mechanisms of the modules. This approach was
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able to robustly detect coexpression patterns in transcriptomes and to stratify patterns according to their relative
differences.
A. V. Polonikov et al. comprehensively analyzed the
associations between adult asthma and single nucleotide
polymorphisms and found the epistatic interactions between
ADE genes underlying asthma susceptibility and the genetic
heterogeneity between allergic and nonallergic variants of the
disease.
J. Shu et al. constructed a database to design vaccine
that targeted the Chinese, and predicted 20 potential HIV
epitopes. This work will facilitate the development of a CD4+
T cell vaccine especially catered for the Chinese.
Y. Li et al. built a link map between small molecules
and pathways using gene expression profiles, pathways, and
gene expression of cancer cell lines intervened by small
molecules and provided a valuable reference for identifying
drug candidates and targets in molecularly targeted therapy.
Y.-D. Gao et al. investigated the E. coli strains in the
human gut microbiome by using deep sequencing data.
The authors reconstructed genome-wide metabolic networks
for the three most common E. coli strains and provided a
systematic perspective on E. coli strains in the human gut
microbiome.
T. Tan et al. compared small RNA signatures to address
small RNA transition during mouse spermatogenesis and
provided insight into the mechanisms involved in the regulation of spermatogonial stem cells activities.
H. Hu et al. performed RNA-seq to investigate the mice
testicular transcriptome to elucidate the mechanism of male
reproductive toxicity and found several transcriptional signatures closely related to the biological processes of regulation
of hormone, gamete generation, and sexual reproduction.
By launching this issue, we wish to stimulate the continuing efforts in computational genomics for more efficient
analysis of big genomics data.
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Though pleiotropy, which refers to the phenomenon of a gene affecting multiple traits, has long played a central role in genetics,
development, and evolution, estimation of the number of pleiotropy components remains a hard mission to accomplish. In this
paper, we report a newly developed software package, Genepleio, to estimate the effective gene pleiotropy from phylogenetic analysis
of protein sequences. Since this estimate can be interpreted as the minimum pleiotropy of a gene, it is used to play a role of reference
for many empirical pleiotropy measures. This work would facilitate our understanding of how gene pleiotropy affects the pattern
of genotype-phenotype map and the consequence of organismal evolution.

1. Introduction
Understanding the role of gene pleiotropy in the map from
genotypes to phenotypes has been one of the central topics
for biologists, which refers to the phenomenon of a gene
affecting multiple traits As a major measure for the functional
importance of a gene, this concept has played a fundamental
role in genetics, development, and evolution (see [1–3] for
recent reviews and comments). However, the degree of gene
pleiotropy remains largely unknown. Historically, proposed
the concept of universal pleiotropy; that is, a single mutation
can potentially affect all phenotypic traits. Though Fisher’s
model has been widely used as a theoretical basis for
exploring the evolutionary interplay between the genotype
and phenotype, the notion of universal pleiotropy has not
been well tested.
Indeed, compared with the wide availability of genomics
data, the whole-range phenotype recourses, or “phenomics,”
are highly limited. Nevertheless, recent advances have been
able to bring high throughput data to bear on the nature and

extent of pleiotropy [4–6]. These experiments showed that
the number of phenotypic traits that may be affected by a
gene may be actually limited implying the role of modularity
in shaping the degree of gene pleiotropy. Many controversial
issues such as the problem of arbitrary number of correlated
traits may directly affect the count of phenotypes that are
predicted to be affected by a gene. On the other hand, a new
approach has emerged in the past decade, to estimate the
gene pleiotropy from genetics or sequence data, rather than
from the affected phenotypes [7–13] (Chen et al., 2013). In
particular, Gu [8] developed a practically feasible approach.
It proposed that molecular evolution of a gene occurs in a
multidimensional space corresponding to the same canonical
number of molecular phenotypes. Random mutations of the
gene could affect these molecular phenotypes constrained
by the stabilizing selection. Moreover, Gu [8] developed a
statistical method to estimate the “effective pleiotropy” (𝐾𝑒 )
of a gene from the multiple sequence alignment of protein
sequences. Most genes have 𝐾𝑒 in the range between 1 and 20
[11], with the medium of 𝐾𝑒 = 6.5 of these estimates that is
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comparable to some empirical pleiotropy measures [1, 3]. Yet
the relationship between these two approaches remains complex. As the degree of gene pleiotropy is a basic parameter for
understanding the complexity of genotype-phenotype map,
to facilitate this line of research we develop a software package Genepleio (freely available at http://www.xungulab.com)
to estimate the effective gene pleiotropy from the protein
sequences.

2. Material and Methods
2.1. Sequences. Three groups of datasets include eight vertebrates, twelve fruit flies, and seven yeast species. Each dataset
contains 300 random selected orthologous sets. Eight vertebrates are fugu, zebrafish, xenopus, chicken, dog, cow, mouse,
and human. Twelve Drosophila species are D. melanogaster, D.
pseudoobscura, D. sechellia, D. simulans, D. yakuba, D. erecta,
D. ananassae, D. persimilis, D. willistoni, D. mojavensis, D.
virilis, and D. grimshawi. Seven yeast species are Candida
glabrata, Debaryomyces hansenii, Kluyveromyces lactis, Saccharomyces bayanus, Yarrowia lipolytica, Saccharomyces cerevisiae, and Schizosaccharomyces pombe. Vertebrate CDS and
protein sequences were extracted from Ensmart, Drosophila
CDS and protein sequences were extracted from FlyBase, and
yeast CDS was extracted from ORNA Man’s dataset (corresponding protein sequences were translated by Bioperl).
2.2. Sequences Alignment. Multiple protein sequence alignment for each orthologous group was obtained by ClustalW
at default settings.
2.3. Estimation of 𝑑𝑁/𝑑𝑆 . The number of synonymous substitutions per synonymous site (𝑑𝑆 ) and the number of
nonsynonymous substitutions per nonsynonymous site (𝑑𝑁)
between human and mouse orthologs were calculated by
CODEML of PAML package [14]. When calculating the
variance of 𝑑𝑁 and 𝑑𝑆 , we changed “getSE = 1” in CODEML
control file; otherwise, we used the default CODEML parameters. We used the estimates of 𝑑𝑁/𝑑𝑆 between human and
mouse for vertebrates, those between D. melanogaster (dmel)
and D. sechellia (dsec) for Drosophila, and those between S.
bayanus and S. cerevisiae for yeasts, respectively.

3. Results and Discussion
3.1. Estimation of Effective Gene Pleiotropy. Gu [8] analyzed
the pleiotropy model of molecular evolution under the
following assumptions. (i) K-dimensional molecular phenotypes (y) of the gene are under Gaussian-like stabilizing
selection, indicating a single fitness optima for multiple
functions. Any deviation from the optima is under the
purifying selection. (ii) The fitness optima of y may shift
randomly during the course of evolution, according to a
multivariate normal distribution. It generates the process
of microadaptation that could be caused by the external
(environmental) or internal (physiological) perturbations or
the functional compensation for the previously fixed slightly
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deleterious mutation. (iii) And the distribution of mutational
effects, 𝑝(y), follows a multivariate normal distribution.
The estimation procedure implemented in the software
Genepleio is summarized in Figure 1. We address several key
issues concisely to help in understanding how the software
works. One may see Gu [8], Su et al. [11], and Gu (2014) for
technical details.
3.1.1. Calculation of H-Measure. Calculation of 𝐻 is the key
step to estimate 𝐾𝑒 . Biologically, 𝐻 measures the strength of
rate variation among sites: 𝐻 = 0 when var(𝜆) = 0, and
𝐻 = 1 when var(𝜆) = ∞. After the gene phylogeny is given
or inferred by the NJ option, the software implemented the
methods of Gu and Zhang [15] to infer the number of amino
acid changes along the phylogeny at each site, after correcting
the multiple hits. The next step is to calculate the mean (𝑀)
and variance (𝑉) of the estimated number of changes over
sites. Under the Poisson-based evolutionary model, 𝐻 can be
estimated by 𝐻 = (𝑉 − 𝑀)/[𝑉 + 𝑀(𝑀 − 1)].
3.1.2. Estimation of Effective Gene Pleiotropy (𝐾𝑒 ). Genepleio
has implemented the following procedure to estimate 𝐾. (i)
Calculate the 𝑑𝑁/𝑑𝑆 ratio (the ratio of nonsynonymous to
synonymous rates) used as an empirical measure for the mean
sequence conservation. (ii) Calculate the 𝑔-function 𝑔 =
𝑑𝑁/𝑑𝑆 /(1−𝐻). (iii) And the effective gene pleiotropy (𝐾𝑒 ) can
be estimated by numerically solving the following equation:
𝑑𝑁/𝑑𝑆
= 2−𝐾𝑒 /2 [1 + 𝜙 (𝐾𝑒 )] ,
1−𝐻
where 𝜙(𝐾𝑒 ) = 0.0208𝐾𝑒 (𝐾𝑒 + 2)/(1 + 0.289𝐾𝑒 ).

(1)

3.1.3. Estimation of Selection Intensities. There are two types
of selection intensity measures. The first one is the (overall)
selection intensity of the gene under study, 𝑆, for the overall strength of purifying selection imposed on the protein
sequence; the negative sign indicates the negative (purifying)
selection. The second one is the baseline selection intensity,
𝐵0 , which is a scaled measure for the contribution of a single
pleiotropy component. The relationship between 𝐵0 and 𝑆 is
𝑆 = −𝐾 × 𝐵0 . When 𝐾𝑒 is obtained, the software estimates the
effective selection intensity 𝑆𝑒 for 𝑆 and the effective baseline
selection intensity (𝐵𝑒 ) for the baseline selection intensity 𝐵0 .
3.1.4. Calculation of Sampling Variance of 𝐾𝑒 . The sampling
variance of 𝐾𝑒 can be approximately calculated by the delta
method. Numerical analysis of (1) found that the following
formula is accurate enough in practice:
Var (𝐾𝑒 ) ≈ 11.037 [

Var (𝑑𝑁/𝑑𝑆 )
2

(𝑑𝑁/𝑑𝑆 )

+

Var (𝐻)
]
(1 − 𝐻)2

Var (𝑑𝑁) Var (𝑑𝑆 ) Var (𝐻)
+
+
].
≈ 11.037 [
2
𝑑𝑁
𝑑𝑆2
(1 − 𝐻)2

(2)

In (2), Var(𝑑𝑁/𝑑𝑆 ) can be estimated by the delta
method so that Var(𝑑𝑁/𝑑𝑆 ) ≈ Var(𝑑𝑁)/(𝑑𝑁)2 + (𝑑𝑁)2 ∗
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Figure 1: A flow chart to outline the computational pipeline implemented in software Genepleio.

Var(𝑑𝑆 )/(𝑑𝑆 )4 , where Var(𝑑𝑁), Var(𝑑𝑆 ) are the variances
of 𝑑𝑁 and 𝑑𝑆 , respectively. The sampling variance 𝐻
is difficult to compute analytically. Genepleio has implemented a bootstrapping approach to calculate the sampling variance of 𝐻, Var(𝐻), whereas sampling variances of 𝑑𝑁 and 𝑑𝑆 , Var(𝑑𝑁) and Var(𝑑𝑆 ), depend on
the users’ input; their default values are set to be zero.
Using this method, we can bootstrap 100 times within 1∼2
minutes.
We use triosephosphate isomerase gene (TPI1, SWISSPROT P60174) for illustration. (i) Infer the phylogenetic
tree from the multiple alignment of vertebrate homologous
TPI1 protein sequences (human, mouse, dog, cow, chicken,
xenopus, fugu, and zebrafish), which is consistent with the
known vertebrate phylogeny. (ii) Estimate 𝑑𝑁/𝑑𝑆 = 0.045
between the human and mouse genes by the likelihood
method using PAML. (iii) Estimate 𝐻-index for the rate
variation among sites; 𝐻 = 0.614 for TPI1 gene. (iv) And
we estimated 𝐾𝑒 = 7.29 and the mean selection intensity
𝑆 = −11.65. Then, the baseline selection intensity is given by
𝐵0 = 11.65/7.29 ≈ 1.60.
The estimated effective gene pleiotropy varies among
different treatments but the scale of variation is small. On
the other hand, we found that when the number of changes
at each site is estimated by the parsimony method without
any correction, gene pleiotropy tends to be overestimated. At
any rate, we conclude that these 5–10% estimation differences
should not affect the general pattern about the degree of gene
pleiotropy.

3.2. Biological Interpretation of 𝐾𝑒 . The key question is how
one can acquire the number of pleiotropy components of a
gene without biologically knowing each component (Su et al.,
2010) [12, 16]. Gu (2014) [17] addressed this issue, showing
that the method of Gu [8] actually aims to estimate the
rank (𝐾) of genotype-phenotype map. The main result can
be concisely represented by the following simple formula:
𝐾 = min(𝑟, 𝑃min ), where 𝑃min is the minimum pleiotropy
among all legitimate pleiotropy measures and 𝑟 is the rank
of mutational effects. In short, the meaning of “effective
gene pleiotropy” (𝐾𝑒 ) estimated by Gu-2007 method is as
follows. (i) 𝐾𝑒 is an estimate of 𝐾 = min(𝑟, 𝑃min ), the rank
of genotype-phenotype map. (ii) 𝐾𝑒 is an estimate for the
minimum pleiotropy 𝑃min only if 𝑃min < 𝑟. (iii) Gu-2007
method attempted to estimate the pleiotropy of amino acid
sites, a conserved proxy to the true minimum pleiotropy.
(iv) With a sufficiently large phylogeny such that the rank of
mutational effect at an amino acid site is 𝑟 → 19 (the number
of amino acid types minus one), one can estimate 𝑃min in the
range from 1 to 19 by this method. And (V) 𝐾𝑒 is a conserved
estimate of 𝐾 because those pleiotropy components that have
small effects on fitness would be effectively removed by the
estimation procedure.
3.3. Software Overview. We have developed Genepleio, a
GUI-based software package that estimates the effective
gene pleiotropy from the phylogenetic sequence analysis of
amino acids. Genepleio has three inputs. (i) Input the file
of multisequence alignment (MSA) of protein sequences:
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Figure 2: Screen illustration of the software Genepleio.
Table 1: Simulation results of 𝐾𝑒 -estimation by Genepleio.
𝐾
2
4
8
12
16
2
4
8
12
16
2
4
8
12
16

𝐵0
0.5
0.5
0.5
0.5
0.5
1.0
1.0
1.0
1.0
1.0
2.0
2.0
2.0
2.0
2.0

𝐾𝑒 (model (a))
0.98 ± 0.03
1.98 ± 0.03
4.05 ± 0.05
6.16 ± 0.06
8.29 ± 0.13
1.34 ± 0.04
2.71 ± 0.06
5.44 ± 0.13
8.17 ± 0.29
10.9 ± 0.84
1.64 ± 0.06
3.28 ± 0.12
6.50 ± 0.40
9.67 ± 0.65
13.02 ± 0.67

Genepleio supports the alignment format of CLUSTALW.
As required by the method, the multiple alignment file
should contain at least four sequences with reasonably large
sequence divergences between them. (ii) Input two values 𝑑𝑁
(nonsynonymous distance) and 𝑑𝑆 (synonymous distance).
Several methods such as PAML can be used to obtain these
estimates. We suggest choosing closely related sequences, say,
𝑑𝑆 < 1, to avoid large sampling variance when calculating
the 𝑑𝑁/𝑑𝑆 ratio. Note that the 𝑑𝑁/𝑑𝑆 ratio should be less
than 1; otherwise, the gene may not be suitable to do this
type of analysis. (iii) Input the tree file in the Phylip format.
Alternatively, one may use the neighbor-joining (NJ) method
implemented in the software to infer the gene phylogeny.
As illustrated in Figure 2, the interface of Genepleio includes
three main tab pages: the first page is for the MSA input and
𝑑𝑁/𝑑𝑆 values, the second page is for the input or the inference
of the phylogenetic tree, and the third page will output the
results of estimation.
We have conducted a preliminary analysis and found
that the 75% quantile of estimated 𝐾𝑒 is typically within
𝐾𝑒 ± 2, suggesting that 𝐾𝑒 estimation as a measure of gene

𝐾𝑒 (model (b))
0.94 ± 0.02
1.96 ± 0.03
3.67 ± 0.05
4.76 ± 0.06
6.65 ± 0.10
1.31 ± 0.04
2.13 ± 0.05
4.99 ± 0.10
6.56 ± 0.16
9.10 ± 0.37
1.60 ± 0.03
3.25 ± 0.05
6.12 ± 0.07
8.27 ± 0.07
11.30 ± 0.22

𝐾𝑒 (model (c))
0.95 ± 0.02
1.58 ± 0.03
2.49 ± 0.03
3.89 ± 0.05
4.36 ± 0.06
1.31 ± 0.04
2.13 ± 0.05
3.26 ± 0.07
5.22 ± 0.10
5.85 ± 0.17
1.61 ± 0.06
2.61 ± 0.08
4.04 ± 0.15
6.59 ± 0.32
7.45 ± 0.46

pleiotropy is statistically reliable. Besides, we notice that the
contributions from Var(𝑑𝑁) and Var(𝑑𝑆 ) are nontrivial. In
other words, the sampling variance of 𝐾𝑒 would be severely
underestimated if the user has no input for the sampling
variances of 𝑑𝑁 and 𝑑𝑆 .
There are some notices about usage of Genepleio. First,
the multiple alignment file should contain more than four
sequences; second, the 𝑑𝑁/𝑑𝑆 value should be within (0, 1);
third, the sequences similarity >90% should be cautious
because of the lack of statistical power; fourth, in order to
shorten the time consumed, we do not give the mean of
𝐾𝑒 value through bootstrapping in Genepleio. Nevertheless,
according to much simulation, the mean value is close to the
estimated 𝐾𝑒 value, so we only give the estimated 𝐾𝑒 value.
3.4. Computer Simulations. We have carried computer simulations to evaluate the software performance. We set 𝐾 to vary
from 1 to 20, with the fixed baseline selection intensity 𝐵0 =
0.5, 1.0, or 2.0, respectively. In particular, we consider three
simulation models. (a) Independent-equal model: pleiotropy
components are identical and independent of each other.
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Figure 3: Estimation of 𝐾𝑒 from three datasets: eight vertebrates, twelve fruit flies, or seven yeast species, respectively. Each dataset contains
300 random selected (one-to-one) orthologous sets.

(b) Independent-unequal model: pleiotropy components are
independent of each other but have different strengths.
(c) Random-matrix model: the strengths and correlations
between pleiotropy components are randomly drawn from
a specified random matrix model. Our main results are
summarized in Table 1. In general, the estimation bias of
𝐾𝑒 decreases with the increasing of the baseline selection
intensity 𝐵0 . For instance, in model (a), underestimation of

𝐾𝑒 is considerable only when 𝐵0 is very small, say, 0.5 or less.
The estimation bias becomes intermediate when 𝐵0 > 1 and
becomes negligible when 𝐵0 > 3 (not shown). Moreover,
the estimation bias of 𝐾𝑒 may increase when the simulation
model becomes more complex. Indeed, in model (c), 𝐾𝑒 only
describes the canonical number of pleiotropy components
that could be much less than the number of pleiotropy
components used in the simulation model.

6
3.5. Case Studies. To validate the performance of the newly
developed software for the estimation of 𝐾𝑒 , we analyzed three datasets, each of which includes eight vertebrates, twelve fruit flies, or seven yeast species, respectively
(Figure 3). Each dataset contains 300 random selected (oneto-one) orthologous sets. We calculated 𝐾𝑒 , 𝑆𝑒 (selection
intensity), and 𝐵0 (the baseline selection intensity). Our
analysis shows that all 𝐾𝑒 estimates are in a reasonable range
with only a few outliners. Interestingly, the distribution of 𝐾𝑒
estimates is similar across these distantly related species. The
underlying reason to explain this similarity remains unclear.
𝐾𝑒 is an important parameter for evolutionary analysis.
Indeed, the square of coefficient correlation (𝑟2 ) between
𝐾𝑒 and 𝑆𝑒 is 0.64 in vertebrates, 0.94 in yeasts, and 0.55
in fruit flies, suggesting that gene pleiotropy may be an
important evolutionary constraint in molecular evolution. In
short, in this paper, we have reported a new software package
Genepleio and demonstrated the steps of gene pleiotropy
(𝐾) estimation. We also examined the extent to which the
statistical properties of 𝑑𝑁/𝑑𝑆 and 𝐻 affect the estimation
efficiency of 𝐾 and 𝑆. Comparison among three different
groups of species validates the stability of 𝐾 estimation
procedure.
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An increasing number of experiments have been designed to detect intracellular and intercellular molecular interactions. Based
on these molecular interactions (especially protein interactions), molecular networks have been built for using in several typical
applications, such as the discovery of new disease genes and the identification of drug targets and molecular complexes. Because
the data are incomplete and a considerable number of false-positive interactions exist, protein interactions from different sources
are commonly integrated in network analyses to build a stable molecular network. Although various types of integration strategies
are being applied in current studies, the topological properties of the networks from these different integration strategies, especially
typical applications based on these network integration strategies, have not been rigorously evaluated. In this paper, systematic
analyses were performed to evaluate 11 frequently used methods using two types of integration strategies: empirical and machine
learning methods. The topological properties of the networks of these different integration strategies were found to significantly
differ. Moreover, these networks were found to dramatically affect the outcomes of typical applications, such as disease gene
predictions, drug target detections, and molecular complex identifications. The analysis presented in this paper could provide an
important basis for future network-based biological researches.

1. Introduction
Molecular interactions, such as protein-DNA interactions [1],
protein-RNA interactions [2], DNA-DNA interactions [3],
RNA-RNA interactions [4], and protein-protein interactions
[5], facilitate various organismal functions, including the
process of transcription [6], multiple long-range interactions
between promoters and distal elements [7], and the regulation of gene expression [8]. Therefore, many experiments
have been designed to detect intercellular and intracellular
molecular interactions [9, 10]. Of these molecular interactions, protein-protein interactions have especially been found
to play a crucial role in defining most of the molecular
functions [11].
Consequently, molecular networks based on these interactions have been built to elucidate their underlying roles

in biology [12]. Interactions have been utilised to build
many protein-protein interaction network databases, such
as DIP [13], HPRD [14], BIND [15], BioGRID [16], IntAct
[17], and MINT [18], yielding more than 150,000 binary
interactions. Researchers have used the interaction network
of these databases to perform many studies and applications
[11, 19, 20]. The interactions reported in these databases are
derived from sources including yeast two-hybrid, anti-tag
coimmunoprecipitation, mass-spectrometric, and literature
mining experiments.
Traditional protein-protein interactions have been
detected in a high-quality manner based on top-down- and
hypothesis-based methods supported by experimental data
[11]. Further, recent protein-protein interaction data have
been generated in large numbers based on high-throughput
methods, thus reconfiguring the biological network from

2
a different point of view. However, two major shortages
cannot be ignored. The coverage of current protein-protein
interaction networks is less than 50%, and the accuracy
of these data ranges from 10% to 50% [21–23]. Consider
an example in which, by utilising various methodologies,
researchers identify 80,000 protein interaction pairs in yeast;
however, they only confirm interactions for approximately
2,400 pairs using more than two methods [22]. Several
reasons can cause this situation. First, some data sources
are not completely annotated. Second, each method has its
own bias, meaning that each method can identify a subset
of specific interactions. Third, large portions of the resulting
dataset suffer from a high false-positive rate [22, 24, 25].
Comprehensive consideration of these data sources by
the use of integration algorithms can solve the data bias
inherently when using only a single data source and can
also effectively increase the coverage of the interactome and
decrease the false-positive rate [26]. Therefore, the development of new statistics and computational methods for integrating data from different databases is urgently needed and is
a subject of concern in the present study [27]. Previous studies
have directly utilised integration strategies that have not been
properly evaluated, such as the intersection set of different
networks (Intersection), the union set of different networks
(Union), voting (which is a choice made by a network,
Vote) [26], and the integration strategies based on Naive
Bayes [28], Bayesian Networks [29], Logistic Regression [30],
SVM [21], and decision trees, including Random Trees [31],
Random Forest, and J48 [24]. For example, Lin and Chen
applied a tree-augmented naive Bayesian (TAN) classifier
to integrate heterogeneous data sources and generated fair
results [28]; Wu et al. used SVM and Bayesian classifiers
to detect whether a protein-protein interaction was reliable
[21]; Gerstein et al. considered that voting did not take full
advantage of the data source information in the process,
and therefore, cannot generally obtain good results [32];
Ben-Hur and Noble deemed that SVM adopted different
kernel functions depending on different integration tasks
[33]; Jansen et al. and Rhodes et al. regarded that the premise
of Naive Bayes was that the conditional probability of each
attribute was independent [29, 34]; Sprinzak et al. thought
that Logistic Regression actually was a generalised linear
statistical model [30]; Chen and Liu believed that Random
Forest combined many decision trees to enhance the correct
rate of classification [35]; and by evaluating the precision,
recall and area under the curve (AUC) scores of Support
Vector Machine (SVM), Naive Bayes, Logistic Regression,
Decision Tree, and Random Forest when predicting interactions, Qi et al. determined that Random Forest ranked as the
top classifier for integration [24].
Although various types of integration strategies have
been applied to the current research, the method of choice
has not been considered. Although some researchers have
simply evaluated some integration results, the comprehensive
topological properties of the networks for different integration strategies and the impact of the outcomes of the
typical applications based on these networks have not been
rigorously evaluated.
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In this paper, we combined 37 features representing 10
distinct groups of biological data sources based on former
studies [24, 36, 37], including gene expression, physical
interactions, domain interactions, HMS PCI mass, TAP
mass, yeast two-hybrid, genetic interactions, gene ontology
(GO) annotations, and gene context analysis, to predict
the more reliable protein-protein interactions. Our method
utilised gold standard data sets and 11 commonly used
methods (Union, Intersection, 2-Vote, 3-Vote, Naive Bayes,
Bayesian Networks, Logistic Regression, SVM, Random Tree,
Random Forest, and J48) from two types of integration
strategies (empirical and machine learning) to integrate all
of the interactions in previously mentioned databases; 2Vote and 3-Vote indicate interactions that were supported by
two and three databases, respectively. For seven machinelearning methods, we systematically evaluated the accuracy
of correct classification, the area under the receiver operating characteristic (ROC) curve, the precision rate, recall
rate, and the true-positive to false-positive ratio. To gain
a more detailed understanding of the differences between
these 11 new networks, we also compared the differences
among their topological properties. For these integration
strategies, topological properties, such as the number of
proteins and interactions, the clustering coefficient, network
density, average degree, and average path length, differed
significantly between the different networks. Moreover, by
analysing the ranks when predicting disease genes, searching
for differences in detecting drug targets, and researching the
modules for identifying molecular complexes, we found that
the networks dramatically affected the outcomes of these
typical applications. For example, when using phenotype
similarity to detect disease genes, we obtained four different
genes that were ranked as the top candidate in each of the
11 integration strategies. Compared to previous studies, the
present study focuses more on the influence of different network integration strategies on typical biological applications,
providing a novel perspective from which protein networks
are studied from different viewpoints and an important basis
for future network-based biological research.

2. Materials and Methods
2.1. DIP Database. DIP records experimentally detected protein interactions. Because the CORE set in the DIP database
had been widely used to develop the prediction methods by
the high-quality, high-throughput protein interaction data of
it, and to study the properties of protein interaction networks,
we selected the CORE set as the positive set for a gold
standard database.
2.2. NEGATOME Database. The NEGATOME collects proteins that are experimentally supported noninteracting protein pairs via manual literature mining and analysing protein complexes from the RCSB Protein Data Bank (PDB).
Because the manual dataset in the NEGATOME database
does not contain high-throughput data and describes the
unlikely direct physical interactions circumscribed only to
mammalian proteins, most of which in this database are

BioMed Research International

3

Homo sapiens, we selected the manual dataset as the negative
set for a gold standard database.

this technique. We used the high-throughput PPI dataset
provided by Qi et al. [24].

2.3. Testing Datasets. We used five sources (HPRD, BIND,
MINT, IntAct, and BioGRID) for protein-protein interaction
data, representing most of the authoritative databases. These
databases contain data derived almost from high-throughput
experiments based on literature mining, yeast two-hybrid,
mass spectrometric, and anti-tag coimmunoprecipitation
experiments. However, approximately half of the interactions
obtained from high-throughput experiments may represent
false-positives as estimated by Von Mering et al. Therefore, it
is critical to determine whether the interactions are authentic
or pseudo.

2.8. Human Phenotype. Function deletion in interactions or
functionally related proteins frequently resulted in similar
phenotypes [41–43]. We mapped the interactions that Han
et al. attributed to homologous human interactions to obtain
more accurate results.

2.4. Gene Expression. Genes that are mRNA coexpressed typically indicate protein interactions [38]. We collected 28 gene
expression profiles, including more than 5000 samples of
different tissues from the Gene Expression Omnibus (GEO)
(http://www.ncbi.nlm.nih.gov/geo/), as previously described
by Xu et al. [36]. Each gene containing a missing value
was deleted, and all of the expression values were log-2
transformed. We combined any probes containing the same
Gene Identifier. We then calculated the Pearson correlation
coefficient (PCC) between each pair of genes to obtain a
correlation coefficient matrix.
2.5. Domain-Domain Interactions. A domain is a structural
or functional protein subunit, and the interaction between
two proteins often involves binding between pairs of their
constituent domains. Therefore, the selection of domains as
characteristics is credible. We obtained domain information
from the PFAM database, which is a large collection of protein
families and is authoritative about domains. Additionally,
domain-domain interaction information was obtained from
the DOMINE database, which is a database of known and
predicted protein domain (domain-domain) interactions.
The database contains interactions inferred from PDB entries
and those that were predicted by 13 different computational
approaches using PFAM domain definitions. It contains
26,219 domain-domain interactions among 5,410 domains.
2.6. Physical Protein-Protein Interactions. We collected all of
the interactions from the BioGRID, BIND, IntAct, HPRD,
and MINT databases. All of the interactions that were not
mapped to homologous human interaction proteins by
HomoloGene (http://www.ncbi.nlm.nih.gov/homologene)
in NCBI [39] were deleted. The physical protein-protein
interaction scores ranged from 0 to 5; 0 meant that the
interaction was from none of these databases, while 5 meant
that the interaction was supported by each of these databases.
2.7. High-Throughput Direct PPI Dataset. The highthroughput direct PPI dataset contains two types: (1)
derived from mass spectrometry and (2) derived from Y2H.
In the mass spectrometry dataset, two subdatasets, TAP
[40] and HMS-PCI [41], utilised two different protocols for

2.9. Genetic Interactions. A synthetic genetic analysis (SGA)
was used to reveal genetic interactions in Saccharomyces
cerevisiae [44, 45]. Some reports have demonstrated a significant overlap between protein-protein interactions and
genetic interactions [46]. Therefore, most neighbours of
genetic interaction genes can be used to predict proteinprotein interactions [45].
2.10. Biological Functional Annotation. Compared to interactions of different biological functions, protein-protein interactions are more likely to occur in proteins with similar
biological functions. Moreover, proteins sharing a more
specific annotation tend to interact with each other compared
to those that share a more common annotation.
2.11. Gene Context Analysis. The gene context is based on
genome sequences to infer in silico protein-protein interactions [22]. The gene context includes three types: gene fusion,
gene cooccurrence, and gene neighbourhood.
Human phenotype, genetic interaction, biological functional annotation, and gene context analyses have been
previously performed by Xia et al. [37] to predict interactions
from model organisms.
To avoid the impact of human factors on the results
analysis, we constructed all the machine learning integration
strategies with a unified software platform, WEKA (Waikato
Environment for Knowledge Analysis), which is widely used
in classification. WEKA, a public data-mining platform,
collects a large number of machine learning algorithms that
are used to undertake the task of data mining, including
preprocessing, classifying, clustering, associating, attribute
selecting, and visualising.
2.12. Seven Machine Learning Classifiers Constructed by Using
the Gold Standard Datasets. All of the protein data that we
obtained were derived from different databases, and each
database has its own presentation pattern, such as Gene
Identifier, Gene Symbol, Accession Number, and UniProtKB
Number. To unify the data, we converted all of the protein
presentation patterns into Gene Identifiers. Then, we deleted
any interactions that were not mapped to the Gene Identifiers
or homologous human interactions by NCBI HomoloGene.
After obtaining the gold standard protein networks, we
constructed seven different machine learning classifiers using
seven integration strategies (Naive Bayes, Bayesian Networks,
Logistic Regression, SVM, Random Tree, Random Forest,
and J48) (Figure 1).
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Figure 1: Seven machine learning classifiers constructed by using the gold standard datasets. The gold standard datasets, positive proteinprotein interactions in the DIP database, and negative protein-protein interactions in the NEGATOME database were used to construct the
seven machine learning classifiers based on the following methods: Naive Bayes, Bayesian Networks, Logistic Regression, Support Vector
Machine (SVM), Random Tree, Random Forest, and J48.
Table 1: Performance of the classifiers constructed by seven machine learning integration strategies.
Strategy
Naive Bayes
Bayesian Networks
Logistic Regression
SVM
Random Tree
Random Forest
J48

ACC
0.5391
0.6325
0.7188
0.7144
0.6568
0.7196
0.6808

AUC
0.62
0.736
0.772
0.723
0.648
0.787
0.671

Precision
0.524
0.683
0.724
0.738
0.656
0.72
0.681

Recall
0.539
0.632
0.719
0.714
0.657
0.72
0.681

FP rate
0.518
0.418
0.275
0.267
0.35
0.292
0.323

TP/FP
1.041
1.512
2.615
2.674
1.877
2.466
2.108

Note: ACC stands for the accuracy of the correctly classified items (after a 10-fold cross-validation). AUC indicates the area under the ROC curve. Precision
is the number of true positives divided by the total number of elements labelled as belonging to the positive class. Recall (also referred to as the True Positive
Rate) represents the number of true positives divided by the total number of elements that actually belong to the positive class. The FP rate indicates the false
positive rate. TP/FP reveals the true positive to the false positive ratio. Bold type indicates the maximum value in the ACC, AUC, Precision, Recall, and TP/FP
columns and indicates the minimum value in the FP rate column.

3. Results
In this study, we used four empirical integration strategies
and seven machine learning classifiers constructed by the
reliable positive and negative gold standard sets from DIP
and NEGATOME, respectively, to integrate the proteinprotein interaction networks. Some indicators, such as the
accuracy of those correctly classified, the area under the
ROC curve, and the precision and recall rates, are typically
used to evaluate a supervised machine learning method;
therefore, we initially evaluated the performance of these
seven machine-learning classifiers in these ways.
3.1. Performance of the Classifiers Constructed by Seven
Machine Learning Integration Strategies. From the seven different integration strategies, the seven classifiers showed quite
different classification results. The ACC score, AUC score,
precision and recall rates, and TP/FP score of each integration
strategy were significantly distinct (Figure 2, Table 1). For
example, the ACC score ranged from 0.5391 in Naive Bayes to
0.7196 in Random Forest, and the area under the ROC curve
ranged from 0.62 in Naive Bayes to 0.787 in Random Forest.
Therefore, different integration strategies affect the outcome
of the classification.

3.2. Eleven New Networks Built by Empirical and Machine
Learning Integration Strategies. After inputting 145,534 interaction pairs from the five databases into these funnel-like
classifiers, we obtained 11 different new networks (Figure 3).
As shown in Table 2, the 11 new networks are significantly
different from each other. Although the input network was
constant, the ratio of the number of predicted protein pairs
to the originally considered protein pairs was remarkably
discrepant. It is clear that the differences between the seven
machine learning networks are not significant; in other
words, the machine learning strategies are somewhat stable.
For example, the coverage of each network range from 0.7874
(Random Tree) to 0.9773 (SVM); however, most of the coverage in the machine learning strategies were approximately
95%. However, a remarkable distinction was present in four
empirical strategies. For example, Intersection considered
only 0.34% of the interactions to be true interactions, 2-Vote
considered 28.01% of the interactions to be true interactions,
and Union considered all of the interactions to be true
interactions.
Seven machine learning networks in Table 3 show that
although a certain ratio of repeats was observed, the interactions in each machine learning network were not the
same. For example, compared with the original network,
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Table 3: The duplication of seven machine learning networks and
all 11 integration networks.

1.0

Sensitivity

0.8

0.6
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0.0
0.0
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1.0

1 − specificity

Random Forest
Bayesian Network
Logistic Regression
SVM
J48
Random Tree
Naive Bayes
Random case

Area under the ROC curve
Integration methods Area
Random Forest
0.787
Bayesian Networks
0.736
Logistic Regression
0.772
0.723
SVM
0.671
J48
0.648
Random Tree
0.62
Naive Bayes
0.5
Random case

Figure 2: ROC curves for seven machine learning integration
strategies using 10-fold cross-validation against the gold standard
datasets. Each point on the ROC curves of the seven integration
strategies is created by the unique sensitivity and specificity against
a specific likelihood ratio cut-off. Each name of the curve derived
from the different integration strategies is shown in the legend.
The different colours stand for the different curves for the different
strategies. The area under the curve is also presented in the figure.
Sensitivity and specificity are calculated during the 10-fold crossvalidations.

Table 2: The coverage of each network built by 11 integration
strategies.
Strategy
Union
Intersection
2-Vote
3-Vote
Naive Bayes
Bayesian Networks
Logistic Regression
SVM
Random Tree
Random Forest
J48

Number
145534
497
40766
12891
134095
140956
140746
142226
114598
139082
120541

Coverage
1
0.0034
0.2801
0.0886
0.9214
0.9685
0.9671
0.9773
0.7874
0.9557
0.8283

Note: Number stands for the number of the predicted interaction pairs by
each integration strategy. Percentage represents the ratio of the number of
the predicted interaction pairs to the number of total interaction pairs in the
five databases.

Seven machine
learning networks
DT
Number Percentage

All 11 integration
networks
DT
Number Percentage

0
1
2
3
4
5
6
7

1
2
3
4
5
6
7
8
9
10
11

1808
1277
79
299
1410
9434
41487
89740

1.24%
0.88%
0.05%
0.21%
0.97%
6.48%
28.51%
61.66%

1683
134
718
777
1234
7653
32465
71478
20680
8400
312

1.16%
0.09%
0.49%
0.53%
0.85%
5.26%
22.31%
49.11%
14.21%
5.77%
0.22%

Note: DT stands for the number of times in which all of the interactions were
duplicated. Number represents the number of such interactions. Percentage
reveals the ratio of the number of such interactions to the total number in
the original network.

the number of interactions that did not appear in any of the
machine learning classifier outputs was 1,808 (1.24% of the
total), while the number of interactions in all of the classifiers’
output was 89,740 (61.66% of the total). As indicated in all
11 integration networks in Table 3, in all of the networks,
including empirical and machine learning strategies, the
number of interactions varies among 11 networks generated
by different integration strategies. For example, the number
of interactions that appeared in eight networks was 71,478
(49.11%), and the number of interactions that appeared in 11
networks was 312 (only 0.22%).
3.3. Topological Properties of the 11 Empirical and Machine
Learning Networks. We first analysed the network topological properties of each integration network; the two most critical attributes in the network are the distance and the number
of connections [47]. Almost all of the other topological
properties are based on these two properties. We calculated
the number of proteins and interactions, network diameter,
average degree, network density, average path length, and
global clustering coefficient for each network (Table 4).
The network diameter is the maximum eccentricity of
any point in the protein network. It represents the greatest
distance between protein pairs. The density of a protein
network is the total number of interactions divided by the
total number of possible interactions. The average path length
represents the average distance of the shortest path between
all of the node pairs. Additionally, it provides the overall
efficiency of information or mass transport in a network. The
global clustering coefficient represents the degree to which
the proteins in a protein network tend to cluster together.
Tremendous differences were found between the 11 networks of empirical and machine learning strategies. For
example, the number of proteins in the networks integrated
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Figure 3: Eleven new networks built by empirical and machine learning integration strategies. Eleven new networks constructed by funnellike empirical and machine learning integration strategies, namely, Union, Intersection, 2-Vote, 3-Vote, Naive Bayes, Bayesian Networks,
Logistic Regression, SVM, Random Tree, Random Forest, and J48, from the entire set of data in the IntAct, MINT, HPRD, BIND, and BioGRID
databases.
Table 4: The topological properties of the 11 new empirical and machine learning networks.
Empirical
Union Intersection
Proteins
Interactions
Diameter
Degree
Density
ASP
CC

14936
145534
15
19.49
0.00130
2.9216
0.0206

507
497
6
1.96
0.00387
1.9164
0.1262

2-Vote

3-Vote

9548
5558
40766
12891
16
15
8.54
4.64
0.00089 0.00083
4.4487 4.7394
0.0471 0.0340

Naive
Bayes

Bayesian
Networks

14840
134095
15
18.07
0.00122
2.9372
0.0161

14869
140956
15
18.96
0.00128
2.9245
0.0204

Machine learning
Logistic
Random
SVM
Regression
Tree
14895
14890
14486
142226
140746
114598
16
16
16
19.10
18.90
15.82
0.00127 0.00128 0.00109
2.9217
2.9256
3.0447
0.0204
0.0197
0.0156

Random
Forest

J48

14860
139082
15
18.72
0.00126
2.9280
0.0194

14570
120541
16
16.55
0.00114
3.0103
0.0170

Note: Proteins, Interactions, Diameter, Degree, and Density indicate the number of proteins, the number of interactions, the network diameter, the average
degree and the network density, respectively. ASP and CC are the average path length and clustering coefficient, respectively. Bold type indicates the minimum
value for average path length and the maximum value for the other topological properties of the empirical and machine learning methods.

by machine learning strategies ranged from 507 to more than
14,000, and the average degree ranged from 1.96 to more
than 15. Additionally, the average path length and clustering
coefficient were dramatically varied.
If we account only for the networks that were integrated
by the empirical strategies, almost all of the properties were
dramatically varied; for example, the range of changes in the
number of proteins and the interactions were especially large.
Dramatic variation was also observed in the remaining properties, such as the network diameter, average degree, network
density, average path length, and clustering coefficient.

Considering only the networks integrated by the machine
learning strategies, although some properties, such as the
number of proteins, the network diameter, the network
density and the shortest path length, did not vary, other
properties varied dramatically. For example, the number of
interactions ranged from 114,598 in the Random Tree to
142,226 in the SVM network; the average degree of the
networks ranged from 15.82 in the Random Tree network
to 19.10 in the SVM network; and the clustering coefficient
ranged from 0.0156 in the Random Tree network to 0.0204 in
the Bayesian Networks network and the SVM network.
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Table 5: Description of the top genes in 11 integration networks from the detection of disease genes based on a phenotype similarity study.
Strategy
Union
Intersection
2-Vote
3-Vote
SVM
Naive Bayes
Random Tree
J48
Logistic Regression
Random Forest
Bayesian Networks

Gene symbol
ATP2B2
MYD88
TGFBR2
TGFBR2
ATP2B2
ATP2B2
GRM7
ATP2B2
ATP2B2
ATP2B2
ATP2B2

Official full name
ATPase, Ca++ transporting, plasma membrane 2
Myeloid differentiation primary response 88
Transforming growth factor, beta receptor II (70/80 kDa)
Transforming growth factor, beta receptor II (70/80 kDa)
ATPase, Ca++ transporting, plasma membrane 2
ATPase, Ca++ transporting, plasma membrane 2
Glutamate receptor, metabotropic 7
ATPase, Ca++ transporting, plasma membrane 2
ATPase, Ca++ transporting, plasma membrane 2
ATPase, Ca++ transporting, plasma membrane 2
ATPase, Ca++ transporting, plasma membrane 2

Therefore, the alteration in the topological properties
reveals that the different integration strategies dramatically
affect the outcomes. These integration strategies affect the
number of proteins and interactions in the networks, consequently affecting the network aggregation, mass transport,
and connectivity.
3.4. Detection of Disease Genes Using Phenotype Similarity
Based on Networks. Protein interaction data are ultimately
integrated to facilitate actual applications. The advancement
of biotechnology enables the proteome scope of protein
interaction networks, making the networks become more
and more attractive to researchers studying systems biology
[48]. Typically, researchers tend to use protein interaction
networks to identify disease candidate genes [49, 50], drug
targets [51, 52], and functional modules [53].
The prediction of disease genes based on a protein
network is an important typical application of biological
networks [54] and is also vital to the development of
physianthropy [20]. To detect disease genes, we utilised
the method of Lage et al. [54], which is based on phenotype similarity. In this method, disease gene prediction is
accomplished based on the assumption that proteins that are
directly connected to disease proteins tend to have the same
disease phenotype as the disease protein [55–58].
We used epithelial ovarian cancer (EOC) as a specific
case. After downloading all 301 genes in the linkage interval
on 3p25-22 [59] from GENE of NCBI [60], we identified the
subnetworks of these 301 genes in the 11 networks obtained
from the 11 integration strategies. Then, a score was obtained
for every interaction that was an edge in the subnetworks
via Kasper’s scoring rules. Next, according to the method
described by van Driel et al. [61], which is based on OMIM
[62] and MeSH [63], we calculated the similarity between
each phenotype and EOC as the score of the protein that was
the node in the subnetworks [64]. According to the following
formula, we obtained the final score for each candidate gene:
𝑁

Score = ∑𝑆𝑖 𝑃𝑖 ,
𝑖=1

(1)

where 𝑁 is the number of partners connected to the candidate
gene, 𝑆𝑖 is the interaction score, and 𝑃𝑖 is the protein score.
Finally, we sorted the entire candidate genes to identify
the one that had the highest score. Table 5 lists the highest
scoring candidate genes for each integration network.
These findings clearly revealed that four different genes,
ATP2B2, MYD88, TGFBR2, and GRM7, were ranked as the
top genes in each of 11 integration strategies. This finding
indicates that the empirical and machine learning strategies
dramatically affected the overall outcomes. Separately, seven
machine learning strategies mainly identified ATP2B2 as the
top gene; however, Random Tree identified GRM7 as the
top gene; overall, this result was relatively stable. However,
four empirical strategies yielded three different top genes,
indicating that the empirical strategy was quite unstable and
seriously impacted the reliability of the results.
3.5. Detection of Disease Genes Using a Network-Based Random Walk with Restart (RWR). Based on an early diseasegene screening method based on phenotype similarity or
network topological properties and the advances of genome
sequencing, gene expression analysis and other parallel
technologies, it is clear that new disease-gene screening
methods are emerging [54, 65, 66]. Well-known studies have
demonstrated that the RWR method is superior to other
methods, such as methods based on clustering or based
on neighbouring nodes [66]. Therefore, we used the RWR
method to screen for causative disease genes.
RWR refers to a process in which a given node in a
network is used as a starting point upon which iterations are
performed; at each iteration, the current node is used as a
starting point for a transfer to a randomly selected adjacent
node as follows:
𝑝𝑡+1 = (1 − 𝑟) 𝑊𝑝𝑡 + 𝑟𝑝0 ,

(2)

where 𝑝𝑡 is a vector that represents the probability of a certain
node being the random walk node at time 𝑡 in the network, 𝑟
represents the probability of the random walk node returning
to the starting node at any moment, and 𝑊 represents the
adjacency matrix after the column standardisation of the
network.
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Table 6: The performance of the detection of disease genes using
RWR.
Strategy
Naive Bayes
Logistic Regression
SVM
Union
Random Forest
Bayesian Networks
J48
Random Tree
3-Vote
2-Vote
Intersection

Rank
2065.86
2113.31
2133.86
2146.21
2136.90
2139.83
2370.10
2697.93
1306.61
2245.89
123.5

Nodes
14840
14890
14895
14936
14860
14869
14570
14486
5558
9548
507

Rank ratio
0.1392
0.1419
0.1433
0.1437
0.1438
0.1439
0.1627
0.1862
0.2351
0.2352
0.2436

Note: Rank indicates the average rank of the nonseed genes in several
repeated experiments; the number of repetitions depended on the number
of remaining genes. The rank ratio reveals the average rank divided by the
total number of nodes in each network. The rank ratio was used to evaluate
whether the performance of the integration strategy was outstanding. The
smaller the scale is, the better the integration strategy is.

0.8

Rank ratio

0.6
0.4
0.2

nodes, indicating a satisfactory performance at discovering
disease genes by the RWR method, and (B) although some of
the machine learning strategies were stable in the rank ratio
(e.g., the rank ratio of Naı̈ve Bayes, Logistic Regression, SVM,
Random Forest, and Bayesian Networks were approximately
0.14), the rank ratios of the other two machine learning
strategies were 0.1627 in J48 and 0.1862 in Random Tree;
these values were significantly different from the former five
strategies. Furthermore, the rank ratios of four empirical
strategies were remarkably distinct from the machine learning strategies; for example, the ratio of 3-Vote, 2-Vote and
Intersection were approximately 0.24. Therefore, the different
strategies greatly impacted the rank of the nonseed gene by
the RWR method.
We next selected all of the disease genes as seeds to
obtain the top 10 genes for all of the generated networks
except for the seeds (Table 7). Table 7 indicates that the gene
lists discovered by the empirical methods are significantly
different from the gene lists discovered by the machine
learning methods. For example, the genes identified by
empirical strategies, such as YWHAB, RAD50, YWHAZ,
YWHAE, ERBB2, and RB1, were not identified by any of the
machine learning strategies. The top 10 genes detected by the
four empirical strategies were also remarkably distinct; for
example, UBC, TAF1, MYC, and HNF4A were identified by
Union but were not identified by any of the other empirical
strategies. Although the genes that were identified by the
machine learning methods shared some overlap, different
methods also identified different genes; for example, DTNBP1
was only identified by J48. Therefore, the different strategies
dramatically impacted the top 10 genes identified by the RWR
method.

J48

Logistic
Regression
Naive
Bayes
Random
Forest
Random
Tree
SVM

3-Vote

Bayesian
Networks

2-Vote

Intersection

Union

0.0

Strategies

Figure 4: The performance of detecting disease gene using RWR.
We used a box-plot to show the rank difference between each of
the 11 integration strategies. Apparent distinctions exist between the
different networks by different integration strategies.

We selected 29 disease genes of brain tumours, including
neurofibroma, glioma, glioblastoma, and astrocytoma, from
the Cancer Gene Census (CGC) [67, 68]. One gene was
randomly selected to verify the prediction efficiency, and the
remaining genes were used as seeds for the RWR algorithm.
The number of repetitions depended on the number of
remaining genes. We considered whether the integration
strategy was outstanding based on the ratio of the average
position of a nonseed gene in these repeated experiments to
the total number of nodes (Table 6, Figure 4).
By comparing the rank ratios in Table 6 and Figure 4, it
is clear that (A) the average rank of the remaining (single)
disease gene was approximately 14% of the total number of

3.6. The Approach of Discovering Drug Targets Based on
Network Topology Properties. As mentioned above, the identification of drug targets is one typical use of a protein
interaction network. Similar to Zhu et al. [69], we applied the
original protein network topology-based approach to identify
drug targets.
Previous studies have shown that compared to general network proteins, drug target proteins are significantly
different with respect to their topological properties. For
example, the degree of a drug target is larger [70], the average
distance and the shortest length between two drug targets are
shorter than between a drug target and a general protein, the
proportion of the target proteins in the neighbouring nodes
of a target protein is significantly higher than the proportion
of the target proteins in the neighbouring nodes of a general
protein, and the clustering coefficient of a drug target is
significantly lower than for a general protein [69].
We obtained the drug target information from DrugBank
[71] on March 16, 2013; we then mapped these target genes
to each protein interaction network. We next selected five
measures to identify drug target proteins; these measures
included the degree, 1N index, clustering coefficient, and the
average distance and shortest path length between a protein
and a drug target protein. The 1N index was the proportion
of target proteins in the neighbouring nodes of a protein.
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Table 7: The top 10 genes of all of the genes, except for the seed
genes, from 11 integration networks in the detection of disease genes
using RWR.
Strategy

The symbols of the top 10 genes
UBC, TAF1, MYC, HNF4A, SMARCA4, ELAVL1,
Union
CDK2, FASLG, XRCC6, and SDHA
YWHAB, RAD50, CTNNB1, GRB2, SHC1, ABL1,
Intersection
YWHAZ, YWHAE, ERBB2, and RB1
MLH1, PTPN6, XRCC6, EXO1, ARHGDIA,
2-Vote
VAV3, HRAS, FASLG, APP, and TNIK
PTPN6, MAX, ZHX1, CCDC90B, MLH1, EXO1,
3-Vote
IMMT, VIM, ASF1B, and ASF1A
UBC, TAF1, MYC, HNF4A, SMARCA4, ELAVL1,
SVM
CDK2, FASLG, XRCC6, and SDHA
UBC, TAF1, MYC, HNF4A, SMARCA4, ELAVL1,
Naive Bayes
CDK2, XRCC6, FASLG, and SDHA
UBC, MYC, XRCC6, SMARCA4, ARHGDIA,
Random Tree
TAF1, ABL1, ELAVL1, FASLG, and CDK2
UBC, TAF1, MYC, HNF4A, SMARCA4, XRCC6,
J48
ELAVL1, FASLG, CDK2, and DTNBP1
Logistic
UBC, TAF1, MYC, HNF4A, SMARCA4, XRCC6,
Regression
ELAVL1, CDK2, FASLG, ARHGDIA
UBC, TAF1, MYC, HNF4A, SMARCA4, ELAVL1,
Random Forest
CDK2, FASLG, XRCC6, and SDHA
Bayesian
UBC, TAF1, MYC, HNF4A, SMARCA4, ELAVL1,
Networks
CDK2, FASLG, XRCC6, and SDHA
Note: the description of these genes was listed in Supplementary
Table S1 of the Supplementary Material available online at
http://dx.doi.org/10.1155/2014/296349.

Table 8: Performance of each network built by integration strategies
for the discovery of drug targets based on topological properties.
Strategy
Union
Intersection
2-Vote
3-Vote
SVM
Naive Bayes
Random Tree
J48
Logistic Regression
Random Forest
Bayesian Networks

1N
82
40
79
55
83
83
81
81
85
83
83

Target
1984
133
1464
885
1974
1969
1941
1945
1981
1972
1973

Node
14936
507
9548
5558
14895
14840
14486
14570
14890
14860
14869

Target ratio
0.132833
0.262327
0.153331
0.15923
0.132528
0.132682
0.133991
0.133493
0.133042
0.132705
0.132692

Note: 1N indicates the number of targets included in the top 100 proteins.
Target indicates the number of targets in the network. The target ratio reveals
the percentage of targets in a network. The bold type indicates the maximum
values in the 1N, Target, Node, and Target ratio columns.

We ranked each protein based on these five measures in each
of the networks. We then determined the number of drug
targets that were included in the top 100 proteins of each
network (1N) and the proportion of target proteins in all of
the proteins (Table 8).

Table 9: The duplication of targets in the top 100 in each network
built by all 11 integration strategies.
DT
1
2
3
4
5
6
7
8
9
10
11

Number
58
21
5
4
6
3
6
27
21
11
9

Percentage
0.3391
0.1228
0.0292
0.0234
0.0351
0.0175
0.0351
0.1579
0.1228
0.0643
0.0526

Note: DT indicates the duplication times of the targets that appear in the top
100 of each network. Number represents the number of targets. Percentage
reveals the ratio of the number of targets to the total of all of the targets that
appear in the top 100 of each network.

Due to the characteristics of the drug targets, based on
the machine learning strategies, the proportion of drug target
proteins in the top-ranked 100 proteins was approximately
83%, and the target ratio was approximately 0.13. Additionally, there was only a small change between the different
machine learning strategies; for example, Random Tree and
J48 each identified 81 targets, while Logistic Regression
identified 85 targets. However, the results obtained from the
different empirical integration strategies were significantly
different. For example, Union identified 82 drug targets in
the top 100 proteins from a network containing 1,984 drug
targets, while Intersection identified 40 drug targets in the top
100 proteins from a network containing 133 drug targets.
As shown in Table 9, the numbers of targets were different. For example, 58 drug targets were uniquely detected
by one integration strategy, accounting for 33.91% of the
171 targets that appear in the top 100 of each network;
however, only four drug targets were simultaneously detected
by four integration strategies, accounting for 2.34% of the 171
targets that appear in the top 100 of each network. Therefore,
the outcomes of the drug target discovery process were
dramatically affected by the different strategies.
3.7. Identification of Molecular Complexes Based on the
MCODE Clustering Algorithm. Molecular complexes are key
elements in molecular function. Human disease is closely
correlated with human molecular complexes, and molecular
complexes are widely applied in molecular functional annotation and disease prediction. Therefore, it is critical to identify
molecular complexes [72]. Because the protein interaction
network contains functional annotation data, it is important
to identify molecular complexes from protein interaction networks. Because a subunit of the protein exercises a biological
function, the prediction of the function of unknown proteins
has been demonstrated to be of great significance [73].
The identification of molecular complexes is an important
application in biological networks. For example, Wu et al.
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Table 10: The topology properties of the molecular complexes found by 11 networks built by integration strategies based on the MCODE
clustering algorithm.
Empirical
Union
Proteins
Interactions
Diameter
Degree
Density
ASP
CC

63
1721
2
54.127
0.873
1.127
0.903

Intersection 2-Vote 3-Vote
5
9
2
3.6
0.9
1.1
0.9

26
169
2
12.769
0.511
1.489
0.940

29
92
7
5.241
0.187
3.264
0.816

Naive
Bayes

Bayesian
Networks

55
438
5
15.927
0.295
2.773
0.851

65
1787
2
54.985
0.859
1.141
0.894

Machine learning
Logistic
Random
SVM
Regression
Tree
61
64
40
1628
1761
702
2
2
2
53.377
54.844
35.1
0.890
0.871
0.9
1.110
1.129
1.1
0.913
0.899
0.904

Random
Forest

J48

59
1497
2
50.746
0.875
1.125
0.895

48
1028
2
42.833
0.911
1.089
0.928

Note: Proteins, Interactions, Diameter, Degree, and Density indicate the number of proteins, the number of interactions, network diameter, average degree,
and network density, respectively. ASP and CC are the average path length and clustering coefficient, respectively. Bold type indicates the minimum value on
an average path length and the maximum value in the other topological properties of empirical and machine learning methods.

compiled the redundant human complexes to build a comprehensive catalogue and then investigated the relationship between protein complexes and drug-related systems
[72]. Song and Singh analysed proteins, complexes, and
processes and considered physical interactions within and
across complexes and biological processes to understand the
protein essentiality [74]. Zhang and Shen analysed functional
modules based on a protein-protein network analysis in
ankylosing spondylitis [75].
In this paper, we utilised a Cytoscape [76] plug-in called
MCODE, which is based on the MCODE [73] clustering
algorithm; this plug-in mines tightly connected regions in
protein interaction networks that represent molecular complexes. Cytoscape is free software program that graphically
displays, edits, and analyses networks. It supports a variety
of network description formats, and the user can add rich
annotation information to the networks. a large number of
functional plug-ins that were developed by developers and
third parties can be used for in-depth analysis of network
problems. We analysed the topological properties of each
single top molecular complex in each network and compared
their intersections (Table 10).
Table 10 reveals that the different networks obtained from
different integration strategies affected the finding on the
effect of molecular complexes. Overall, even though the
diameters of the networks and the clustering coefficient were
nearly identical, the number of proteins and interactions
differed greatly in both the empirical and machine learning
strategies. For example, only five proteins and nine interactions were identified in the molecular complexes mined
by Intersection, and only 40 proteins and 702 interactions
were identified by Random Tree; however, Union identified
63 proteins and 1,721 interactions, and Bayesian Networks
identified 65 proteins and 1,787 interactions when identifying
molecular complexes. Additionally, the average degree of
each network ranged from 3.6 in the Intersection network to
54.127 in the Union network and from 35.1 in the Random
Tree network to 54.985 in the Bayesian Network. The network
density and average path length also varied in both the
empirical and machine learning strategies.

Table 11: Gene symbol and degree of the proteins that have the
largest degree in every molecular complex of each network.
Degree

Strategies

Gene symbol

Union

RPL5, UBC

Intersection

IRAK1, IRAK2, and IRAK3

4

2-Vote

UCHL5

25

3-Vote

IKBKG
RPS8, RPS2, RPL5, RPL11, RPL18,
RPS16, RPS6, RPL19, RPS13, RPL21,
RPL6, RPL10A, UBC, RPS4X, RPL4,
and RPS3

10

SVM

64

60

Naive Bayes

MED26, MED29

27

Random Tree

RPL5, UBC, and RPL4
RPS2, RPL5, RPL11, RPS6, RPL19,
RPL21, RPL6, RPL10A, UBC, RPS4X,
RPL14, and RPL4

39

J48
Logistic
Regression

RPL5

Random Forest RPL11, RPS6, RPL14, and RPL4
Bayesian
RPL18, RPS16, RPS6, RPS4X, RPS8,
Networks
RPS2, RPL5, RPL21, UBC, and RPL4

47
65
58
64

Table 11 lists the proteins that displayed the largest degree
in each molecular complex of each network. It is clear that
every molecular complex is different from the others because
the proteins with the largest degree are different (Table 11).
The proteins displaying the smallest degree (4) were
IRAK1, IRAK2, and IRAK3 (based on Intersection) in the
molecular complex identification, while the proteins with the
largest degree (64) were RPL5 and UBC by Union in molecular complex finding by empirical strategies. Additionally,
Logistic Regression revealed that RPL5 had the largest degree
(65), while Naive Bayes revealed that MED26 and MED29
displayed the smallest degree (27) by machine learning
strategies. Therefore, large distinctions exist between the
empirical and machine learning strategies when identifying
molecular complexes.
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4. Discussion
Protein-protein interaction studies act as new method for
improving our understanding of molecular physiological
processes. With the growing number of in-depth studies
on protein-protein interaction networks, scientists are gaining knowledge of the interactions from various methods.
Therefore, the key to network analyses is determining which
integration strategy should be implemented. In this study,
we analysed and evaluated the networks integrated by 11
commonly used strategies of two types of integration strategies, empirical and machine learning, including Union, Intersection, 2-Vote, 3-Vote, Bayesian Network, Support Vector
Machine, Naive Bayes, Random Tree, J48, Logistic Regression, and Random Forest. By comparing the scores and
the ranks, these strategies detected disease genes based on
phenotype similarity and the RWR algorithm. Based on rank,
the networks identified drug targets based on five measures,
including average degree, 1N index, clustering coefficient,
average path length, and shortest path; the topological
properties of the molecular complexes that were identified
were based on a Cytoscape plug-in called MCODE. Thus,
we conclude that different integration strategies can obtain
extremely different outcomes for these typical applications.
Most of the methods of the existing studies are to evaluate
the character of the network itself. For example, Qi et al.
found that Random Forest performed best of the six methods
that they analysed [24]. Although Random Forest performed
better based on ACC and AUC, with scores of 0.7196 and
0.787, respectively, subsequent evaluations confirmed that it
is insufficient to determine the best integration strategy based
solely on accuracy. Ultimately, one must also consider the
comprehensive applications. Nevertheless, we did not only
analyse the quality of the networks based simply on the integration of a wide range of data. In other words, although we
analysed the AUC, accuracy, and topological properties, we
also focused on typical practical applications, such as disease
gene discovery, drug target detection, and molecular complex
identification. We then compared the differences between the
various networks in these applications. Therefore, this study
is more biologically significant than previous studies, and it
provides a novel perspective from which scholars can study
protein networks.
It should be emphasised that a substantial amount of indepth exploration of this topic remains. First, the integration
strategies can be combined with other methods for further
improvement. For example, the Naive Bayesian method used
by Lin and Chen [28] is a tree-like Naive Bayesian method.
Alternatively, a variety of integration strategies may be combined in a manner that emphasises the advantages of each
integration strategy to improve the results of the integration.
Second, because some features, such as phenotype similarity,
genetic interaction, and shared GO annotation, which were
utilised in IntNetDB described by Xia et al. [37], and TAP,
HMS-PCI, and Y2H, which were utilised by Qi et al. [24], do
not consider current data, deviations may exist in the results.
However, our results are reliable because the same input data
were used for all of the integration strategies; therefore, these
deviations were not significant.
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Although the processes of disease gene discovery and
drug target detection revealed the stability of the seven
machine learning strategies, these supervised machine learning strategies should have been similar; any difference
between them warrants further examination. However,
some properties used to identify molecular complexes have
revealed the instability of several machine learning strategies.
Almost all of the typical applications indicate that empirical
strategies are quite unstable; however, these empirical strategies are applied in a substantial number of studies. Consequently, if these strategies are not evaluated, the resulting data
will be unreliable, strongly influencing the studies.
Integration strategies are the key step in the network
analysis, and they severely affect the outcomes of the various
applications. Therefore, because technological advancement
dictates the subsequent update of data and the integration
strategies, the integration of the updated data becomes even
more important. Software and websites that can rapidly
integrate these updated data should be developed so that
researchers can gain access to more reliable data and complete
protein-protein interaction networks.
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In efforts to discover disease mechanisms and improve clinical diagnosis of tumors, it is useful to mine profiles for informative
genes with definite biological meanings and to build robust classifiers with high precision. In this study, we developed a new
method for tumor-gene selection, the Chi-square test-based integrated rank gene and direct classifier (𝜒2 -IRG-DC). First, we
obtained the weighted integrated rank of gene importance from chi-square tests of single and pairwise gene interactions. Then, we
sequentially introduced the ranked genes and removed redundant genes by using leave-one-out cross-validation of the chi-square
test-based Direct Classifier (𝜒2 -DC) within the training set to obtain informative genes. Finally, we determined the accuracy of
independent test data by utilizing the genes obtained above with 𝜒2 -DC. Furthermore, we analyzed the robustness of 𝜒2 -IRG-DC
by comparing the generalization performance of different models, the efficiency of different feature-selection methods, and the
accuracy of different classifiers. An independent test of ten multiclass tumor gene-expression datasets showed that 𝜒2 -IRG-DC
could efficiently control overfitting and had higher generalization performance. The informative genes selected by 𝜒2 -IRG-DC
could dramatically improve the independent test precision of other classifiers; meanwhile, the informative genes selected by other
feature selection methods also had good performance in 𝜒2 -DC.

1. Introduction
Tumors are the consequences of interactions between multiple genes and the environment. The emergence and rapid
development of large-scale gene-expression technology provide an entirely new platform for tumor investigation.
Tumor gene-expression data has the following features: high
dimensionality, small or relatively small sample size, large
differences in sample backgrounds, presence of nonrandom
noise (e.g., batch effects), high redundancy, and nonlinearity.
Mining of tumor-informative genes with definite biological
meanings and building of robust classifiers with high precision are important goals in the context of clinical diagnosis
of tumors and discovery of disease mechanisms.
Informative gene selection is a key issue in tumor recognition. Theoretically, there are 2𝑚 possibilities in selecting the

optimal informative gene subset from 𝑚 genes, which is
an N-P hard problem. Available high-dimensional featureselection methods often fall into one of the following three
categories: (i) filter methods, which simply rank all genes
according to the inherent features of the microarray data, and
their algorithm complexities are low. However, redundant
phenomena are usually present among the selected informative genes, which may result in low classification precision. Univariate filter methods include 𝑡-test [1], correlation
coefficient [2], Chi-square statistics [3], information gain
[4], relief [5], signal-to-noise ratio [6], Wilcoxon rank sum
[7], and entropy [8]. Multivariable filter methods include
mRMR [9], correlation-based feature selection [10], and
Markov blanket filter [11]; (ii) wrapper methods, which search
for an optimal feature set that maximizes the classification
performance, defined in terms of an evaluation function

2
(such as cross-validation accuracy). Their training precision
and algorithm complexity are high; consequently, it is easy
for over-fitting to occur. Search strategies include sequential
forward selection [12], sequential backward selection [12],
sequential floating selection [13], particle swarm optimization
algorithm [14], genetic algorithm [15], ant colony algorithm
[16], and breadth-first search [17]. SVM and ANN are usually
used for feature subset evaluation; (iii) embedded methods,
which use internal information about the classification model
to perform feature selection. These methods include SVMRFE [18], support vector machine with RBF kernel based on
recursive feature elimination (SVM-RBF-RFE) [19], support
vector machine and T statistics recursive feature elimination
(SVM-T-RFE) [20], and random forest [21].
Classifier is another key issue in tumor recognition.
Traditional classification algorithms include Fisher linear
discriminator, Naive bayes (NB) [22], K-nearest neighbor
(KNN) [23], DT [24], support vector machine (SVM) [18],
and artificial neural network (ANN) [25]. There are dominant expressions in parametric models (e.g., Fisher linear
discriminator) based on induction inference. The first goal
for parametric models is to obtain general rules through
training-sample learning, after which these rules are utilized
to judge the testing sample. However, this is not the case
for nonparametric models (e.g., SVM) based on transduction
inference, which predict special testing samples through
observation of special training samples, but classifiers needed
for training. Training is the major reason for model overfitting [3]. Therefore, it is important to determine whether it
is feasible to develop a direct classifier based on transduction
interference that has no demand for training.
In recent years, several methods have been developed
to perform both feature-selection and classification for the
analysis of microarray data as follows: prediction analysis
for microarrays (PAM), based on nearest shrunken centroids
[26]; top scoring pair (TSP), based entirely on relative gene
expression values [27]; refined TSP algorithms, such as k
disjoint Top Scoring Pairs (k-TSP) for binary classification
and the HC-TSP, HC-k-TSP for multiclass classification [28];
an extended version of TSP, the top-scoring triplet (TST)
[29]; an extended version of TST, top-scoring “N” (TSN) [30].
A remarkable advantage of the TSP family is that they can
effectively control experimental system deviations, such as
background differences and batch effects between samples.
However, TSP, k-TSP, TST, and TSN are only suitable for
binary data, and the HC-TSP/HC-TSP calculation process
for conversion from multiclass to binary classification is
tedious. The gene score Δ 𝑖𝑗 [27] cannot reflect size differences
among samples, and k-TSPs may introduce redundancy and
undiscriminating voting weights.
Chi-square-statistic-based top scoring genes (TSG) [31],
an improved version of TSP family we proposed before,
introduces Chi-square value as the score for each marker
set so that the sample size information is fully utilized.
TSG proposes a new gene selection method based on joint
effects of multiple genes, and the informative genes number
is allowed both even and odd. Moreover, TSG gives a new
classification method with no demand for training, and it
is in a simple unified form for both binary and multiclass
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cases. In TSG paper, we did not name the classification
method alone. Here we called it the chi-square test-based
direct classifier (𝜒2 -DC). To predict the class information for
each sample in the test data, 𝜒2 -DC use the selected marker
set and calculate the scores of this sample belonging to each
class. The predicted class is set to be the one that has the
largest score. Although TSG has many merits, it also has the
following disadvantages: (i) for 𝑘 ≥ 3, in order to find the
top scoring 𝑘 genes (TS𝑘 ), all the combined scores between
TS𝑘-1 and each of remaining gene need to be calculated. It
needs a large amount of calculation; (ii) if there are multiple
TS𝑘 s with identical maximum Chi-square value, TSG should
further calculate the LOOCV accuracy of these TS𝑘 s using
the training data and record those TS𝑘 s that yield the highest
LOOCV accuracy. If there is still more than one TS𝑘 , the
computational complexity will be much higher to find TS𝑘+1 ;
(iii) in TSG, an upper bound 𝐵 should be set and find
TS𝐵 . However, the number of information genes is often less
than 𝐵. The termination condition of feature selection is not
objective enough.
Emphasizing interactions between genes or biological
marks is a developing trend in cancer classification and informative gene selection. The TSP family, mRMR, doublets [32],
nonlinear integrated selection [33], binary matrix shuffling
filter (BMSF) [34], and TSG all take interactions into consideration. In genome-wide association studies, ignorance
of interactions between SNPs or genes will cause the loss
of inheritability [35]. Therefore, we developed a novel highdimensional feature-selection algorithm called a Chi-square
test-based integrated rank gene and direct classifier (𝜒2 -IRGDC), which inherits the advantages of TSG while overcoming
the disadvantages documented above in feature selection.
First, this algorithm obtains the weighted integrated rank of
gene importance on the basis of chi-square tests of single and
pairwise gene interactions. Then, the algorithm sequentially
forward introduces ranked genes and removes redundant
parts using leave-one-out cross validation (LOOCV) of 𝜒2 DC within the training set to obtain the final informative gene
subset of tumor.
A large number of feature-selection methods and classifiers currently exist. Informative gene subsets obtained by
different feature-selection methods are very minute overlap
[36]. However, different models combined with a certain
feature-selection method and a suitable classifier can get
a close prediction precision [37]. It is difficult to determine which feature-selection method is better. Therefore,
evaluation of the robustness of feature-selection methods
deserves more attention [32]. In this paper, we analyzed the
robustness of 𝜒2 -IRG-DC by comparing the generalization
performance of different models, the efficiency of different
feature-selection methods, and the precision of different
classifiers.

2. Data and Methods
2.1. Data. Because nine common binary-class tumor-genomics datasets [28] did not offer independent test sets, we
simply selected ten multiclass tumor-genomics datasets with
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independent test sets (Table 1) for analysis in this study. It
should be noted that the method proposed in this paper could
also be applied to binary-class datasets.
2.2. Weighted Integrated Rank of Genes. Assume the training
dataset has 𝑝 markers and 𝑛 samples. The data can be denoted
as (𝑦𝑖 , 𝑥𝑖𝑗 ) (𝑖 = 1, . . . , 𝑛; 𝑗 = 1, . . . , 𝑝). 𝑥𝑖𝑗 represents the
expression value of the 𝑗th marker in the 𝑖th sample;𝑦𝑖
represents the label of 𝑖th sample, where 𝑦𝑖 ∈ 𝐶 =
{𝐶1 , . . . , 𝐶𝑚 }, the set of possible labels; 𝑚 stands for the total
number of labels in the data.
(1) Chi-Square Values of Single Genes. For any single gene 𝐺𝑗 ,
𝑥⋅𝑗 denotes the mean expression value of all samples. 𝑆𝑓𝑘1
and 𝑆𝑓𝑘2 (𝑘 = 1, . . . , 𝑚) represent the frequency counts of
samples in class 𝐶𝑘 when 𝑥𝑖𝑗 > 𝑥⋅𝑗 and 𝑥𝑖𝑗 < 𝑥⋅𝑗 , respectively.
These frequencies can be presented as an 𝑚 × 2 contingency
table, as shown in Table 2. Record the frequency counts of
samples in class 𝐶𝑘 as 𝑆𝑓𝑘3 When 𝑥𝑖𝑗 equals 𝑥⋅𝑗 in class 𝐶𝑘 ,
then both 𝑆𝑓𝑘1 and 𝑆𝑓𝑘2 should be incremented by 0.5 ∗ 𝑆𝑓𝑘3
separately; thus, the chi-square value 𝜒𝑗2 of gene 𝐺𝑗 can be
calculated according to (1)
𝜒𝑗2

𝑚

2

= 𝑆𝑁 ( ∑ ∑
𝑘=1 𝑞=1

𝑚

2

𝑘=1 𝑞=1

𝑆𝑛𝑘 𝑆𝑇𝑞

− 1) .

(1)

𝑃𝑓2𝑘𝑞
𝑃𝑛𝑘 𝑃𝑇𝑞

− 1) .

𝑝

𝑙=1

𝜒𝑗2
𝜒𝑗2 + 𝜒𝑙2

2
)
× 𝜒𝑗,𝑙

ℎ=∑
𝑘=1

2
2
𝜒(𝐶
− 𝜒(𝐶
𝑡)
𝑘)
2
𝜒(𝐶
)

𝑘 ≠
𝑡,

(4)

𝑡

where 𝐶𝑡 is the true label of the measured sample. The average
value of every training sample is denoted as ℎ2 .
Now import the third gene from the ordered list Θ and
extract its expression values from the training dataset to
update the initial training set. Following the steps documented above, obtain LOOCV3 and ℎ3 of the updated training set. If LOOCV3 > LOOCV2 , or LOOCV3 = LOOCV2 and
ℎ3 > ℎ2 , the third gene is selected as an informative gene;
Otherwise, it is deemed as a redundant gene.
Similarly, informative gene subsets will be obtained by
sequentially introducing the top 2% genes from the ordered
list Θ.

(2)

(3) Rank Genes according to Integrated Weighted Score. Judging whether a gene is important not only should take main
effect of gene into account, but also consider the interaction
between it and other genes. Therefore, we integrated the Chisquare value of single gene and the Chi-square values of
pairwise genes to define an integrated weighted score of each
gene 𝑆𝑗 as shown in (3). 𝑆𝑗 is the integrated weighted score of
gene 𝐺𝑗 (𝑗 = 1, . . . , 𝑝), 𝜒𝑗2 is the chi-square value of single
2
gene 𝐺𝑗 , and 𝜒𝑗,𝑙
is the chi-square value of pairwise genes
𝑗). Genes are ranked by the
𝐺𝑗 and 𝐺𝑙 (𝑙 = 1, . . . , 𝑝; 𝑙 ≠
integrated weighted score 𝑆𝑗 to become a descending-range
sequence. Consider
S𝑗 = 𝜒𝑗2 + ∑ (

2.4. Introduce Ranked Genes Sequentially and Remove Redundant Parts to Obtain Informative Genes. Take the top two
genes from the ordered list Θ and extract their expression values from the training dataset to form the initial training set.
Next, compute the LOOCV accuracy of the initial training
data based on 𝜒2 -DC and denote it as LOOCV2 . Record 𝑚
2
2
2
chi-square values 𝜒(𝐶
, 𝜒(𝐶
, . . . , 𝜒(𝐶
of every sample taken
1)
2)
𝑚)
as a measured sample. Finally, introduce parameter ℎ, as
shown in (4)
𝑚

𝑆𝑓2𝑘𝑞

(2) Chi-Square Values of Pairwise Genes. For any two genes 𝐺𝑗
and 𝐺𝑙 (𝑗 = 1, . . . , 𝑝; 𝑙 = 1, . . . , 𝑝; 𝑙 ≠
𝑗), 𝑃𝑓𝑘1 and 𝑃𝑓𝑘2 (𝑘 =
1, . . . , 𝑚) represent the frequency counts of samples in class
𝐶𝑘 when 𝑥𝑖𝑗 > 𝑥𝑖𝑙 and 𝑥𝑖𝑗 < 𝑥𝑖𝑙 , respectively. 𝑥𝑖𝑗 and 𝑥𝑖𝑙
are expression values of the 𝑖th sample in genes 𝐺𝑗 and 𝐺𝑙 ,
respectively. These frequencies can be presented as an 𝑚× 2
contingency table (Table 3). Record the frequency counts of
samples in class 𝐶𝑘 as 𝑃𝑓𝑘3 When 𝑥𝑖𝑗 equals 𝑥𝑖𝑙 in class 𝐶𝑘 ,
then both 𝑃𝑓𝑘1 and 𝑃𝑓𝑘2 should be incremented by 0.5 ∗ 𝑃𝑓𝑘3
2
separately. The Chi-square value 𝜒𝑗,𝑙
of pairwise genes (𝐺𝑗 , 𝐺𝑙 )
can be calculated according to (2)
2
= 𝑃𝑁 ( ∑ ∑
𝜒𝑗,𝑙

2.3. Chi-Square Test-Based Direct Classifier (𝜒2 -DC) . When
the training set has 𝑛 samples and 𝑚 labels, with 𝑟 (𝑟 ≥ 2)
selected genes, there are 𝑟 × (𝑟 − 1)/2 contingency tables
included, each of which has 𝑚 rows and 2 columns (Table 2).
If the testing sample belongs to class 𝐶𝑘 (𝑘 = 1, . . . , 𝑚), 𝑟×(𝑟−
1)/2 chi-square values of pairwise genes with 𝑛 + 1 samples
(i.e., including 𝑛 training samples and a testing sample) can
be worked out. The sum of 𝑟 × (𝑟 − 1)/2 chi-square values was
2
(𝑘 = 1, . . . , 𝑚). We assign the test sample to the
set as 𝜒(𝐶
𝑘)
class with the largest chi-square value: class of testing sample
2
= arg max𝑘=1,...,𝑚 𝜒(𝐶
[31].
𝑘)

(3)

make an ordered list Θ of all the genes 𝐺𝑗 in accordance with
the descending values of the scores 𝑆𝑗 .

2.5. Independent Prediction. With the informative gene subsets, independent prediction based on 𝜒2 -DC was conducted
individually on the testing sample to obtain the test accuracy.
2.6. Models Used for Comparison. In this paper, a model is
considered as a combination of a specific feature-selection
method and a specific classifier. Some feature-selection methods are also classifiers (HC-TSP, HC-k-TSP, TSG, DT, PAM,
etc.). We selected mRMR-SVM, SVM-RFE-SVM, HC-k-TSP
and TSG as comparative models for 𝜒2 -IRG-DC; NB, KNN,
and SVM as the comparative classifiers of 𝜒2 -DC; mRMR,
SVM-RFE, HC-k-TSP and TSG as the comparative featureselection approaches of 𝜒2 -IRG-DC.
mRMR conducts minimum redundancy maximum relevance feature selection. Mutual information difference (MID)
and mutual information quotient (MIQ) are two versions of
mRMR. MIQ was better than MID in general [9], so the evaluation criterion in this paper is mRMR-MIQ. SVM-RFE is a
simple and efficient algorithm which conducts gene selection
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Table 1: Multiclass gene-expression datasets.

Dataset
Leuk1
Lung1
Leuk2
SRBCT
Breast
Lung2
DLBCL
Leukemia3
Cancers
GCM

Platform
Affy
Affy
Affy
cDNA
Affy
Affy
cDNA
Affy
Affy
Affy

No. of classes
3
3
3
4
5
5
6
7
11
14

No. of genes
7,129
7,129
12,582
2,308
9,216
12,600
4,026
12,558
12,533
16,063

Table 2: Frequency counts of samples in each class for single genes.
Class
𝐶1
..
.
𝐶𝑚

𝑥𝑖𝑗 > 𝑥∙𝑗
𝑆𝑓11
..
.
𝑆𝑓𝑚1

𝑥𝑖𝑗 < 𝑥∙𝑗
𝑆𝑓12
..
.
𝑆𝑓𝑚2

Total
𝑆𝑛1 = 𝑆𝑓11 + 𝑆𝑓12
..
.
𝑆𝑛𝑚 = 𝑆𝑓𝑚1 + 𝑆𝑓𝑚2

Total

𝑆𝑇1 = ∑ 𝑆𝑓𝑘1

𝑆𝑇2 = ∑ 𝑆𝑓𝑘2

𝑆𝑁 = ∑ 𝑆𝑛𝑘

𝑚

𝑘=1

𝑚

𝑘=1

𝑚

𝑘=1

Table 3: Frequency counts of samples in each class for pairwise
genes.
Class
𝐶1
..
.
𝐶𝑚

𝑥𝑖𝑗 > 𝑥𝑖𝑙
𝑃𝑓11
..
.
𝑃𝑓𝑚1

𝑥𝑖𝑗 < 𝑥𝑖𝑙
𝑃𝑓12
..
.
𝑃𝑓𝑚2

Total
𝑃𝑛1 = 𝑃𝑓11 + 𝑃𝑓12
..
.
𝑃𝑛𝑚 = 𝑃𝑓𝑚1 + 𝑃𝑓𝑚2

Total

𝑃𝑇1 = ∑ 𝑃𝑓𝑘1

𝑃𝑇2 = ∑ 𝑃𝑓𝑘2

𝑃𝑁 = ∑ 𝑃𝑛𝑘

𝑚

𝑘=1

𝑚

𝑘=1

𝑚

𝑘=1

in a backward elimination procedure. The mRMR and SVMRFE have been widely applied in analyzing high-dimensional
biological data. They only provide a list of ranked genes; a
classification algorithm needs to be used to choose the set of
variables that minimize cross validation error. In this paper,
SVM was selected as the classification algorithm, and our
SVM implementation is based on LIBSVM which supports
1-versus-1 multiclass classification. For SVM-RFE-SVM and
mRMR-SVM models, informative genes were selected by the
following methods: (i) rank the genes separately by mRMR or
SVM-RFE; (ii) select the top genes from 1 to 𝑠, which is equal
to approximately 2% of the total gene number, and conduct
10-fold cross-validation (CV10) for the training sets based on
SVM. Accuracy was denoted as CV10𝑤 (𝑤 = 1, . . . , 𝑠); (iii)
with the highest CV10 accuracy, the genes were selected as
informative genes.

3. Results and Discussion
3.1. Comparison of Independent Test Accuracy and the Number
of Informative Genes Used in Different Models. In order to
evaluate the performance of model in this study, we used

No. of samples in training
38
64
57
63
54
136
58
215
100
144

No. of samples in test
34
32
15
20
30
67
30
112
74
46

Source
[6]
[43]
[44]
[45]
[46]
[47]
[48]
[49]
[50]
[51]

the eight different models to perform independent test on
ten multiclass datasets. The test accuracy and informative
gene number are presented in Table 4. In this case, the
classification accuracy of each dataset is the ratio of the
number of the correctly classified samples to the total number
of samples in that dataset. The best model based on average
accuracy of the ten multiclass datasets used in this study is 𝜒2 IRG-DC (90.81%), followed by TSG (89.2%), PAM (88.5%),
SVM-RFE-SVM (86.72%) and HC-k-TSP (85.12%). We do
not consider these differences in accuracy as noteworthy and
conclude that all five methods perform similarly. However,
in terms of efficiency, decision rule and the number of informative genes, one can argue that the 𝜒2 -IRG-DC method is
superior. Recall that the 𝜒2 -IRG-DC, TSG and PAM have
easy interpretation and can directly handle multiclass case,
but HC-k-TSP and SVM-RFE-SVM need a tedious process
to covert multiclass case into binclass case. For the ten
multiclass datasets, 𝜒2 -IRG-DC selected 37.2 (range, 20–64
in ten datasets) informative genes on average. It clearly uses
less number of genes than PAM (1638.8) and TSG (51).
Moreover, the algorithm complexities of 𝜒2 -IRG-DC is far
less than TSG. 𝜒2 -IRG-DC ranked all genes according to
integrated weighted score firstly and sequentially introduced
the ranked genes based on LOOCV accuracy of training data.
In fact, 𝜒2 -IRG-DC is a hybrid filter-wrapper models that take
advantage of the simplicity of the filter approach for initial
gene screening and then make use of the wrapper approach
to optimize classification accuracy in final gene selection [38].
3.2. Robustness Analysis—Evaluating Generalization Performance of Different Models. As shown in Table 4, the five models (mRMR-SVM, SVM-RFE-SVM, HC-k-TSP, TSG, and
𝜒2 -IRG-DC) exhibited high independent test accuracy and
similar informative gene numbers. We further compared the
LOOCV accuracy for the training data and the independent
test accuracy for the test data from these four models. The
results are shown in Figures 1, 2, 3, 4, and 5. Obviously, overfitting occurred in all five models. Among them, 𝜒2 -IRGDC had higher generalization performance. The test accuracy
of mRMR-SVM and SVM-RFE-SVM was no greater than
their training accuracy for all ten datasets. However, the test
accuracy of 𝜒2 -IRG-DC was superior to the training accuracy
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Table 4: Independent test accuracy and informative gene number used indifferent models (in parentheses) for multiclass gene-expression
datasets.
Model
HC-TSP∗
HC-K-TSP∗
DT∗
PAM∗
mRMR-SVM
SVM-RFE-SVM
TSG
𝜒2 -IRG-DC

Lung1
71.88
(4)
78.13
(20)
78.13
(4)
78.13
(13)
78.13
(13)
78.13
(9)
81.25
(20)
84.38
(23)

Leuk2
80
(4)
100
(24)
80
(2)
93.33
(62)
100.00
(19)
93.33
(8)
100
(44)
100
(20)

SRBCT
95
(6)
100
(30)
75
(3)
95
(285)
75.00
(9)
95.00
(3)
100
(13)
100
(23)

Breast
66.67
(8)
66.67
(24)
73.33
(4)
93.33
(4,822)
96.67
(97)
90.00
(7)
86.67
(63)
90
(31)

Lung2
83.58
(8)
94.03
(28)
88.06
(5)
100
(614)
95.52
(120)
88.06
(9)
95.52
(60)
97.01
(52)

DLBCL
83.33
(10)
83.33
(46)
86.67
(5)
90
(3,949)
96.67
(16)
90.00
(13)
93.33
(16)
93.33
(37)

Leuk3
77.68
(12)
82.14
(64)
75.89
(16)
93.75
(3,338)
91.96
(119)
91.07
(35)
91.07
(95)
93.75
(46)

Cancers
74.32
(20)
82.43
(128)
68.92
(10)
87.84
(2,008)
71.62
(89)
93.24
(29)
79.73
(81)
85.14
(47)

Aver ± std
78.17 ± 13.17
(10.2)
85.12 ± 12.42
(53.4)
76.35 ± 10.49
(6.9)
88.5 ± 12.71
(1,638.8)
82.77 ± 16.85
(54.6)
86.72 ± 9.62
(31.7)
89.20 ± 10.5
(51)
90.81 ± 9.91
(37.2)

GCM
52.17
(26)
67.39
(134)
52.17
(18)
56.52
(1,253)
45.65
(57)
63.04
(199)
67.39
(112)
67.39
(64)

Train
Test

Figure 1: Accuracy of mRMR-SVM for training and test data.

for the Leuk2, Lung2, and Leuk3 datasets, and the test
accuracy of TSG was superior to the training accuracy for the
Lung1, Lung2, Leuk2, and Leuk3 datasets. For another direct
classifier, HC-k-TSP, the test accuracy was also higher than
the training accuracy for the SRBCT and cancers datasets.
These results indicated that the special direct classification
algorithm of 𝜒2 -IRG-DC, TSG and HC-k-TSP can effectively
control over-fitting, and exhibiting a better generalization
performance.
3.3. Robustness Analysis—Evaluating Different Feature-Selection Methods. As shown in Table 5, with the informative
genes selected by the five feature-selection methods, the classification performances of NB and KNN were significantly
improved. However, the performance of SVM was improved
only with the genes selected by our method, 𝜒2 -IRG-DC.

99.1
86.72
Aver

GCM

Cancers

Leuk3

DLBCL

Lung2

Breast

SRBCT

Leuk2

63.04

100
88.06
100
90
100
91.07
100
93.24
90.97

100
90

100
85.29
100
78.13
100
93.33
100
95
Lung1

Aver

DLBCL

Lung2

Breast

Lung1

40

Leuk1

50

GCM

45.65

60

100
90
80
70
60
50
40

Leuk1

70

Accuracy (%)

96.78
82.77

77.08

97
Cancers

75

71.62

96.74
91.96
Leuk3

100
96.67
98.53
95.52
100
96.67

100
SRBCT

98.44

100
100

80

Leuk2

90

78.13

Accuracy (%)

100

100

Results reported in [28].

76.47

∗

Leuk1
97.06
(4)
97.06
(36)
85.29
(2)
97.06
(44)
76.47
(7)
85.29
(5)
97.06
(6)
97.06
(29)

Train
Test

Figure 2: Accuracy of SVM-RFE-SVM for training and test data.

This observation indicated, on the one hand, that SVM is not
sensitive to feature dimensions [39], and on the other hand,
that 𝜒2 -IRG-DC was more robust than the other four featureselection methods.
With the genes selected by 𝜒2 -IRG-DC, four classifiers
(NB, KNN, SVM, and 𝜒2 -DC) performed very well, with
average accuracies of 84.23%, 85.54%, 89.54%, and 90.81%,
respectively, across ten datasets; the overall average accuracy
was 87.53%. Similarly, we calculated the overall average
accuracy of other feature-selection methods: 87.53% (𝜒2 IRG-DC) > 85.99% (HC-k-TSP) > 84.45% (TSG) > 81.93%
(SVM-RFE) > 80.16% (mRMR), once again confirming the
robustness and effectiveness of 𝜒2 -IRG-DC.
3.4. Robustness Analysis—Comparison of Classifiers. The
overall average accuracies of the four classifiers with informative genes selected by five feature-selection methods across
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Table 5: Test accuracy of different classifiers with informative genes selected by different feature-selection methods.

Classifier Feature-selection method
ALL∗
𝜒2 -IRG-DC
mRMR
NB
SVM-RFE
HC-K-TSP
TSG
Aver-𝐶†
ALL∗
𝜒2 -IRG-DC
mRMR
KNN
SVM-RFE
HC-K-TSP
TSG
Aver-𝐶†
ALL∗
𝜒2 -IRG-DC
mRMR
SVM
SVM-RFE
HC-K-TSP
TSG
Aver-𝐶†
𝜒2 -IRG-DC
mRMR
SVM-RFE
𝜒2 -DC
HC-K-TSP
TSG
Aver-𝐶†

Leuk1
85.29
97.06
79.41
67.65
91.18
91.18
85.30
67.65
97.06
70.59
76.47
88.24
91.18
84.71
79.41
97.06
76.47
85.29
85.29
91.18
87.06
97.06
82.35
79.41
97.06
97.06
90.59

Lung1
81.25
81.25
68.75
81.25
81.25
84.38
79.38
75.00
71.88
68.75
68.75
87.50
75
74.38
87.50
87.50
78.13
78.13
84.38
81.25
81.88
84.38
65.63
56.25
84.38
81.25
74.38

Leuk2
100.00
100.00
100.00
80.00
100.00
93.33
94.67
86.67
86.67
80.00
86.67
86.67
93.33
86.67
100.00
93.33
100.00
93.33
100.00
93.33
96.00
100.00
100.00
66.67
100.00
100
93.33

SRBCT
60.00
85.00
90.00
95.00
80.00
100
90.00
70.00‡
100.00
80.00
100.00
85.00
100
93.00
100.00
100.00
75.00
95.00
90.00
80
88.00
100.00
90.00
85.00
95.00
100
94.00

Breast
66.67
86.67
93.33
80.00
80.00
86.67
85.33
63.33
86.67
96.67
90.00
83.33
80
87.33
83.33
93.33
96.67
90.00
86.67
80
89.33
90.00
90.00
76.67
76.67
86.67
84.00

Lung2
88.06
92.54
97.01
89.55
95.52
94.03
93.73
88.06
85.07
86.57
86.57
94.03
88.06
88.06
97.01
92.54
95.52
88.06
98.51
94.03
93.73
97.01
95.52
92.54
97.01
95.52
95.52

DLBCL
86.67
96.67
96.67
90.00
86.67
100
94
93.33
96.67
100.00
90.00
93.33
96.67
95.33
100.00
96.67
96.67
90.00
96.67
100
96.00
93.33
70.00
80.00
93.33
93.33
86.00

Leuk3
32.14
59.82
74.11
95.00
100.00
51.79
76.14
75.89
87.50
91.07
91.96
88.39
86.6
89.10
84.82
86.61
91.96
91.07
94.64
80.36
88.93
93.75
96.43
96.43
88.39
91.07
93.21

Cancers
79.73
82.43
70.27
77.03
77.03
71.62
75.68
64.86
85.14
54.05
58.11
64.86
74.32
67.30
83.78
91.89
71.62
93.24
82.43
68.92
81.62
85.14
60.81
94.59
78.38
79.73
79.73

GCM
52.17
60.87
45.65
63.04
65.22
65.22
60.00
34.78
58.70
36.96
45.65
52.17
39.13
46.52
65.22
56.52
45.65
63.04
60.87
54.35
56.09
67.39
47.83
69.57
69.57
67.39
64.35

Aver-𝐹
73.20
84.23
81.52
81.85
85.69
83.82
83.42
71.96
85.54
76.47
79.42
82.35
82.43
81.24
88.11
89.54
82.77
86.72
87.95
82.34
85.86
90.81
79.86
79.71
87.98
89.20
85.51

Train
Test

Figure 3: Accuracy of HC-𝑘-TSP for training and test data.

ten datasets are highlighted in bold in Table 5. The order
is as follows: 85.86% (SVM) > 85.51% (𝜒2 -DC) > 83.42%
(NB) > 81.24% (KNN). This result revealed that SVM is an
excellent classifier; at the same time, the 𝜒2 -DC classifier also
performed well.

Aver

GCM

Cancers

Leuk3

DLBCL

Lung2

Breast

SRBCT

98.25
100
100
100
94.44
86.67
93.38
95.52
94.83
93.33
88.84
91.07
91.00
79.73
81.25
67.39
91.75
89.2
Leuk2

78.13
81.25
Lung1

Aver

GCM

Cancers

Leuk3

DLBCL

Lung2

Breast

SRBCT

Leuk2

Lung1

40

Leuk1

50

97.37
97.06

95.52
94.03

60

100
90
80
70
60
50
40

Leuk1

70

Accuracy (%)

80

93.33
83.33
93.75
82.14
78.38
82.43
71.74
67.39
90.84
85.12

90

66.67

Accuracy (%)

100

90

Results reported in [28]; ‡ 30 in original paper, whereas the actual number was 70 after validation; † Aver-𝐶 was the average accuracy of a classifier with
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Figure 4: Accuracy of TSG for training and test data.

4. Conclusion
Informative gene subsets selected by different featureselection methods often differ greatly. As we can see, genes
number selected by the three different models (mRMRSVM,
SVM-RFE-SVM) in are listed in Table S1. The numbers
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Figure 5: Accuracy of 𝜒2 -IRG-DC for training and test data.

of gene chips, protein mass spectrometry, DNA methylation,
and GWAS-SNP data collected on different platforms for the
study of the same disease [41], and so forth. In future, we
will apply 𝜒2 -IRG-DC to the integrated analysis of multisource heterogeneous data. Combining this method with the
GO database, biological pathways, disease databases, and
relevant literature, we will conduct a further assessment of the
relevance of the biological functions of selected informative
genes to the mechanisms of disease [42].
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of overlapped gene selected by different models are listed
in Table S2. Results showed that there are few overlaps
of genes selected by the three models (see supplementary
Tables S1 and S2 in supplementary materials available online
at http://dx.doi.org/10.1155/2014/589290). However, different
models combined with a certain feature-selection method
and a suitable classifier can get a close prediction precision.
Evaluations of robustness of feature-selection methods and
classifiers should include the following aspects: (i) models
should have good generalization performance, that is, a
model should not only have high accuracy in training sets, but
should also have high and stable test accuracy across many
datasets (average accuracy ± standard deviation); (ii) with
informative genes selected by an excellent feature-selection
method, should improve varies classifiers performance; (iii)
similarly, a good classifier should perform well with different
informative genes selected by different excellent featureselection approaches.
The results of this study illustrate that pairwise interaction
is the fundamental type of interaction. Theoretically, the
complexity of the algorithm could be controlled within
𝑂(𝑛2 ) with pairwise interactions. When three or more
genes connect to each other, the complex combination of
three or more genes could be represented by the pairwise
interactions. Based on this assumption, this paper proposes
a novel algorithm, 𝜒2 -IRG-DC, used for informative gene
selection and classification based on chi-square tests of
pairwise gene interactions. The proposed method was applied
to ten multiclass gene-expression datasets; the independent
test accuracy and generalization performance were obviously
better than those of mainstream comparative algorithms.
The informative genes selected by 𝜒2 -IRG-DC were able to
significantly improve the independent test accuracy of other
classifiers. The average extent of test accuracy raised by 𝜒2 IRG-DC is superior to those of comparable feature-selection
algorithms. Meanwhile, informative genes selected by other
feature-selection methods also performed well on 𝜒2 -DC.
Currently, integrated analysis of multisource heterogeneous data is a key challenge in cancer classification and
informative gene selection. This includes the integration of
repeated measurements from different assays for the same
disease on the same platform [40], as well as the integration
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Spermatogonial stem cells (SSCs) play fundamental roles in spermatogenesis. Although a handful of genes have been discovered
as key regulators of SSC self-renewal and differentiation, the regulatory network responsible for SSC function remains unclear. In
particular, small RNA signatures during mouse spermatogenesis are not yet systematically investigated. Here, using next generation
sequencing, we compared small RNA signatures of in vitro expanded SSCs, testis-derived somatic cells (Sertoli cells), developing
germ cells, mouse embryonic stem cells (ESCs), and mouse mesenchymal stem cells among mouse embryonic stem cells (ESCs)
to address small RNA transition during mouse spermatogenesis. The results manifest that small RNA transition during mouse
spermatogenesis displays overall declined expression profiles of miRNAs and endo-siRNAs, in parallel with elevated expression
profiles of piRNAs, resulting in the normal biogenesis of sperms. Meanwhile, several novel miRNAs were preferentially expressed
in mouse SSCs, and further investigation of their functional annotation will allow insights into the mechanisms involved in the
regulation of SSC activities. We also demonstrated the similarity of miRNA signatures between SSCs and ESCs, thereby providing
a new clue to understanding the molecular basis underlying the easy conversion of SSCs to ESCs.

1. Introduction
Embryonic development in mice involves the migration
of primordial germ cells (GCs) to the genital ridge and
their subsequent differentiation into gonocytes. At about
6 days after birth, the gonocytes in male mice either
undergo a transition to spermatogonia stem cells (SSCs),
the foundation for continuous spermatogenesis throughout
the reproductive lifetime, or develop directly into type A1
spermatogonia [1]. Spermatogenesis does not occur until
puberty (about 3 weeks after birth), at which time SSCs
undergo active self-renewal and differentiation to give rise
to daughter cells for spermatogenesis [1]. SSCs thus play

a fundamental role in spermatogenesis and male reproductive
biology. Abnormalities in SSC function and regulation are
closely related to male infertility, and SSC transplantation
has potential clinical applications. Furthermore, unipotent
SSCs have unique features in terms of their capacity to be
easily reprogrammed into pluripotent embryonic stem cell(ESC-) like cells in culture. These SSC-derived pluripotent
cells are generally referred to as germline-derived pluripotent
stem cells (gPSCs). When seeded at low density (<8000
SSCs per well in 24-well plate), SSCs undergo spontaneous
conversion into gPSCs without modification of the culture
medium [2]. gPSCs can also be derived from neonatal or
adult murine or human testicular tissue [3–8]. These gPSCs
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display morphological, functional, and molecular characteristics akin to ESCs [9, 10]. For example, they demonstrate
pluripotent differentiation into cells forming all three germ
layers and GCs [3, 4] and display similar gene, protein
[11], and microRNA (miRNA) expression profiles [12], as
well as epigenetic signatures, to ESCs. SSCs are therefore
considered a potential source of pluripotent stem cells [13,
14].
The importance of SSCs means that numerous studies
have investigated the regulation of self-renewal and differentiation activities of mouse and human SSCs in vivo or in
vitro. Key genes, growth factors, and signaling pathways have
been identified which are essential for SSC self-renewal and
differentiation [15–22]. In addition, small noncoding RNAs
also play essential roles in regulating SSC functions, such as
spermatogenesis [23, 24]. Small RNAs are noncoding RNAs
of 18–32 nt long, which can be further divided into three
distinct classes: miRNAs, endogenous small interfering RNAs
(endo-siRNAs), and Piwi-interacting RNAs (piRNAs). Comparisons of small noncoding RNA profiles in GCs at variable
developmental stages and in testicular somatic cells identified
a specific group of small noncoding RNAs important for SSC
function. For instance, miR-34C is expressed specifically in
mouse pachytene spermatocytes and in round spermatids
and might play a role in regulating germ cell development
[25]. miR-21 is highly expressed in mouse SSC populations
and is important for self-renewal or homeostasis of SSCs
[26].
Although SSCs are considered to be readily reprogrammed into gPSCs, the underlying mechanisms are poorly
understood. Several pioneering studies have explored the
possible mechanisms by comparing the molecular properties
of SSCs and gPSCs (or ESCs). Kanatsu-Shinohara et al. examined the gene expression profiles of mouse SSCs and gPSCs
by microarray analysis and revealed significant differences
in mRNA expression patterns between these two cell types
[27]. However, relatively fewer proteins were differentially
expressed in gPSCs compared with SSCs in a proteomic assay
[11]. Four transcription factors, including Oct4, Sox2, Klf4,
and c-Myc, are widely used in reprogramming fibroblasts into
pluripotent stem cells [28–30]. Although mRNAs of these
Yamanaka factors were transcribed in SSCs, their expression
levels were only 5–40% of those in pluripotent stem cells.
Moreover, Sox2 protein expression was not detected and the
protein levels of Oct4, Klf4, and c-Myc were extremely low
in SSCs compared with ESCs or gPSCs [27]. Thus, the spontaneous conversion of SSCs to gPSCs cannot be explained
simply by the rare transcription of reprogramming factors in
SSCs. In this study, we investigated the whole-genome small
noncoding RNA expression profiles of in vitro expanded
mouse SSCs, developing GCs, mouse testis somatic cells
(Sertoli cells (STs)), mouse ESCs, and mouse mesenchymal
stem cells (MSCs). We compared their small noncoding
RNA profiles and identified several highly expressed small
RNAs in SSCs. Moreover, we found that ESCs and SSCs
exhibited similar miRNA profiles, which could provide a new
clue to understanding the molecular mechanisms underlying
the spontaneous reprogramming of unipotent SSCs into
multipotent gPSCs.
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2. Materials and Methods
2.1. Ethics Statement. This study was carried out in strict
accordance with the recommendations in the Guide for the
Care and Use of Laboratory Animals of the National Research
Council. The protocol was approved by the Institutional Animal Care and Use Committee (IACUC) of Kunming Institute
of Zoology, Chinese Academy of Sciences. All surgery was
performed under isoflurane anesthesia, and all efforts were
made to minimize suffering.
2.2. Derivation and Expansion of Mouse SSCs. Testes were
dissected from 4-5-week-old CD1 mice. Testicular tubules
were isolated from the tunica albuginea and mechanically
dissociated with forceps. The testicular tubules were then
digested with 1 mg/mL collagenase IV for 15 min, washed
twice with phosphate-buffered saline (PBS), and digested
with 0.05% trypsin for 10 min. An equal volume of defined
fetal bovine serum (FBS; Hyclone, Logan, UT, USA) was
then added. The single-cell suspension was passed through
a 30 𝜇m filter and centrifuged at 300 g for 5 min at room
temperature, and the supernatant was aspirated. The cells
were incubated with Feeder Removal MicroBeads (Miltenyi
Biotec, Auburn, CA, USA) and the negatively-labeled cells
were collected, according to the manufacturer’s instructions.
The cell suspension was then centrifuged at 300 g for 5 min
at room temperature and the supernatant was aspirated. The
cells were plated onto MEF feeders from E13.5 mouse fetuses
(CD1) in SSC medium.
Mouse SSCs were cultured as described previously [31],
with minor modifications. Briefly, SSCs were seeded onto
MEF feeders from E13.5 mouse fetuses (CD1) and cultured
in StemPro-34 (Invitrogen, Carlsbad, CA, USA) supplemented with 2 mM glutamine (Invitrogen), 0.1 mM mercaptoethanol, 1× nonessential amino acids (Invitrogen), 1×
penicillin-streptomycin (Invitrogen), 1× sodium pyruvate
(Invitrogen), 40 ng/mL glial cell-derived neurotrophic factor
(R&D Systems, Minneapolis, MN, USA), 10 ng/mL epidermal growth factor, 103 U/mL leukocyte migration inhibitory
factor (Chemicon, Temecula, CA, USA), 10 ng/mL basic
fibroblast growth factor (Chemicon), 60 𝜇M putrescine, and
10% defined FBS (Hyclone) (subsequently referred to as SSC
medium). The cells were passaged with 0.05% trypsin every
6-7 days. All chemicals were from Sigma Chemical (St. Louis,
MO, USA) unless otherwise stated.
2.3. Isolation and Expansion of MSCs. MSCs were generated
from bone marrow from tibias and femurs of 4-5-week-old
CD1 mice, as described previously [32]. Established MSCs
were cultured in low-glucose DMEM medium supplemented
with 10% defined FBS (Hyclone), 2 mM glutamine (Invitrogen), 100 U/mL penicillin (Invitrogen), and 100 mg/mL
streptomycin (Invitrogen).
2.4. Sertoli Cells and Developing Germ Cells Purification.
Sertoli cells and developing germ cells were isolated from 45-week-old CD1 mouse testicles as previously described [33].
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Isolated cells were resuspended in 1 mL of Trizol (Invitrogen)
for subsequent use.
2.5. Immunofluorescence and Confocal Microscopy. Cells
were fixed with 4% paraformaldehyde for 10–15 min at 25∘ C
and then rinsed three times in PBS, followed by permeabilization with 0.2% Triton X-100 for 10–15 min. Cells were then
blocked in 5% goat serum for 30 min at 25∘ C and incubated
with primary and secondary antibodies (Table S1) before
imaging under an LSM 510 META confocal microscope (Carl
Zeiss, Jena, Germany) (see Supplementary Material available
online at http://dx.doi.org/10.1155/2014/154251). Antibodies
were obtained commercially and DNA was labeled with
Hoechst 33342 or propidium iodide. An isotype-matched IgG
was used as negative control in each experiment.
2.6. Reverse Transcription-Polymerase Chain Reaction. Total
RNA was extracted from mouse MEF cells (negative control) and mouse SSCs using Trizol (Invitrogen). RNAs were
subjected to treatment with DNase I (Fermentas, Vilnius,
Lithuania) to remove possible genomic DNA contamination.
Reverse transcription was carried out with approximately
2 𝜇g of total RNA using a RevertAid H Minus First strand
cDNA synthesis kit (Fermentas). One microliter of RT
products was added to 1× Reaction Ready HotStart PCR
master mix (Takara, Dalian, China) in a final volume of
25 𝜇L and amplified under the following conditions: 1 cycle
at 95∘ C for 5 min; 25–35 cycles at 95∘ C for 30 sec, 56–58∘ C for
30 sec, 72∘ C for 30 sec, and a full extension cycle at 72∘ C for
10 min. The sequences of the specific primer sets are provided
in Table S2. The polymerase chain reaction products were
separated on 2% agarose gels and visualized after staining
with ethidium bromide.
2.7. Flow Cytometric Analysis of Mouse Mesenchymal Stem
Cell Surface Antigens. 2 × 105 mouse MSCs were harvested
and incubated with 1 𝜇g of phycoerythrin (PE) conjugated
antibodies or control isotype immunoglobulin Gs (IgGs)
(Table S1) at 4∘ C for 30 minutes. Samples were analyzed using
a FACS vantage SE (BD Biosciences, San Jose, CA, USA).
2.8. RNA Extraction and Small RNA Sequencing. Total RNA
was isolated from mouse ESCs, SSCs, GCs, STs, and MSCs
using Trizol (Invitrogen). Ten micrograms of total RNA from
each sample was separated by 15% denaturing polyacrylamide
gel electrophoresis and visualized by SYBR-gold staining.
Small RNAs of 18–40 nt were gel-purified, and cDNAs were
prepared using the Illumina small RNA preparation kit
(Illumina, San Diego, CA, USA) and sequenced using the
Illumina HiSeq 2000.
2.9. High-Throughput Sequencing Analysis and Annotation of
Small RNAs. The Illumina base-calling pipeline was used
for fluorescent image deconvolution, quality value calculation, and sequence conversion to obtain reads with a
length of 50 nt. High-quality (clean) reads were obtained
after trimming the 5 and 3 adaptors and eliminating
contaminants and inadequate (<18 nt) and low-quality reads.
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The clean reads were then mapped to the mouse genome
(mm9) using SOAP2 [34]. Perfectly matched reads were
summarized and retained for further analyses. Read annotations were performed as described previously. Briefly, a
hierarchical order that classified reads into specific RNA
species was determined for annotation using the BLASTn
(ftp://ftp.ncbi.nih.gov/blast/) program. The annotation order
was miRNA > rRNA/snoRNA/tRNA/scRNA/snRNA > piRNA > endo-siRNA.
2.10. miRNA Profiling Analysis. Perfectly aligned reads annotating to miRNAs were initially counted; then miRNA
expression levels were normalized using log2-RPM within
each sample. An RPM value ≥1 for each mature miRNA
was regarded as indicating expression. To identify miRNA
signatures in mouse SSCs, each mature miRNA with ≥2fold changes between SSCs and the other four cell types was
regarded as an SSC-specific high expression miRNA.
2.11. piRNA Profiling Analysis. Because of clustering and
repeat-derived characteristics of piRNAs, we analyzed piRNA
expression using modified RPM normalization. Briefly, we
used weighted #reads, 𝜔piRNA = #Reads/#Hits, instead of
the number of reads (#Reads) to calculate RPM values. The
genome-wide distributions of piRNA expression on both
strands were compared among four samples.
2.12. Endo-siRNA Analysis. Endo-siRNA was identified on
the basis of three stringent screening criteria analogous to
those described previously [35]: (1) length of small RNA
ranged from 18–23 nt; (2) reads of small RNAs perfectly
matched to the mouse genome (mm9); (3) repeat-derived
reads. As for piRNA analysis, the weighted expression was
calculated and compared for putative endo-siRNA profiles.

3. Results
3.1. Derivation and Characterization of Mouse SSCs and
MSCs. Mouse SSCs were derived and expanded according
to the protocol developed by Kanatsu-Shinohara et al. [31].
The cells displayed typical germ stem cell morphology,
expressed SSC markers including GFR𝛼1, PLZF (ZBTB16),
NGN3 (Neurog3), LIN28, and E-cadherin (CDH1) [36] (Supplementary Figure S1), and could be maintained in culture
for more than 30 passages. Mouse MSCs were isolated and
cultured as described previously [37]. The identity of the
MSCs was verified by their spindle-shaped morphology, the
expression of the MSC markers Sca-1 and CD44 and absence
of hematopoietic markers CD45 and CD11b (Supplementary
Figure S2), and their abilities to differentiate into adipocytes,
osteocytes, and chondrocytes in culture (data not shown)
[38].
3.2. Overview of Small Noncoding RNA High-Throughput
Sequencing. Small RNAs were separated on 15% denaturing
polyacrylamide gels and fragments of 18–40 nt were extracted
and purified and used to construct a cDNA library, using
the Illumina small RNA sample preparation kit (Illumina,
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Figure 3: Heat map of five cell types determined by normalized miRNA expression. Each mature miRNA with log2-transformed expression
level was used for clustering.

San Diego, CA, USA). Sequencing using an Illumina HiSeq
2000 produced 14.22 × 106 , 10.65 × 106 , 21.09 × 106 , 17.79
× 106 , and 10.74 × 106 clean reads from mouse ESCs, SSCs,
developing GCs, STs, and MSCs, respectively. Around 75% of
the total reads were perfectly matched to the mouse genome
using the short oligonucleotide alignment program (SOAP2)
[34] (Table 1). The length distributions of the mapped reads
were compared among the five samples. Small RNAs in ESCs,
SSCs, MSCs, and STs exhibited major length peaks at 2223 nt, whereas those in GCs displayed a peak at 27–30 nt
(Figure 1). The matched small RNA reads in each sample
were further annotated and categorized. The major type of
annotated small RNA in developing GCs was piRNA, whereas
miRNAs accounted for about 60% of total annotated reads in
the other four cell samples (Figure 2). This suggests that there

Table 1: Summary of small RNA sequencing in mouse ESCs, SSCs,
GCs, STs, and MSCs.
ESC
SSC
GC
ST
MSC

Total clean reads
14,223,914
10,648,825
21,086,420
17,791,848
10,740,304

Mapping to genome
10,477,211
8,379,103
17,136,082
13,255,304
8,832,696

Percentage
73.66
78.69
81.27
74.50
82.24

is a special requirement for piRNAs in spermatogenesis, as
reported by previous studies [39, 40].
3.3. miRNA Signature of Mouse SSCs. miRNAs represent the
most significant class of small RNAs in many key biological
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Figure 4: Genome-wide distribution of piRNA expression in four cell types. MSCs were excluded because of their low piRNA expression
signal. Red and blue bars represent the plus and minus strands of expressed piRNA, respectively.

processes, including development, cell differentiation, the
cell cycle, and apoptosis. To gain further insight into their
functional roles in SSCs, we examined the miRNA expression
profiles of these samples. After log2-read per million (RPM)
normalization, mature miRNAs with RPM ≥ 1 were retained

for further analysis. Heat map analysis (Figure 3) showed
that SSCs were clustered with ESCs, whereas MSCs were
clustered with STs. This clustering pattern was not influenced
by the RPM threshold (data not shown), suggesting that
SSCs resembled ESCs in terms of miRNA expression. This
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characteristic in piRNAs. Compared with ESCs and SSCs,
endogenous retrovirus 1,2,3-derived repeats for piRNAs
were significantly increased in developing GCs (Table S5),
coincident with the suggestion that piRNAs are derived
from retrotransposons [51]. We also examined the dynamics
of endo-siRNAs during mouse spermatogenesis. Based on
stringent criteria, we calculated weighted expression levels
of endo-siRNAs and found that ESCs expressed the most
abundant endo-siRNAs, followed by SSCs, with the lowest
levels in developing GCs (Figure 5). This suggests that the
trend for endo-siRNA expression profiles was similar to that
for miRNAs.

Normalized endo-siRNA expression (RPM)

25000

20000

15000

10000

5000

0
18

19

20

21

22

23

Read length
ESC
SSC

ST
GC

Figure 5: Relative endo-siRNA expression level as a function of read
length. TPM denotes the total tag count per 10 million.

similarity in miRNA signatures might provide a molecular
clue to understanding the spontaneous conversion of SSCs
into gPSCs.
We identified a total of 128 mature miRNAs that were
highly expressed specifically in mouse SSCs (Table S3), of
which an X-linked miRNA cluster including numerous miRNAs was significantly expressed in SSCs. We also compared
our data with previous study (raw data were obtained from
Gene Expression Omnibus (GEO; http://www.ncbi.nlm.nih.
gov/geo/) with the GSE29613 accession number GSE2564) to
confirm the quality of our data. There were high correlations
between our data and previous report (data not shown) [26].
Some components of this miRNA cluster (miR-883a, 883b)
have previously been reported to be highly or specifically
expressed in testes [41]. We also identified 232 miRNAs
specifically expressed in ESCs (Table S4). One of the most
notable miRNA features was the miR-302-367 cluster, which
has been shown to be specifically expressed in ESCs and
to play vital roles in reprogramming somatic cells into
pluripotent stem cells [42–47]. Other miRNA clusters (miR290 cluster, miR-200b-200a-429 cluster, and miR-106a-363
cluster) were also particularly abundant in ESCs compared
with SSCs. The functional importance of the miR-290 cluster
in stem cell pluripotency has been demonstrated previously
[48].
3.4. piRNA and Endo-siRNA Profiles. piRNAs play important regulatory roles during spermatogenesis [39, 49]. Our
genome-wide mapping of piRNAs consistently showed the
highest enrichment of piRNA expression in developing GCs,
followed by SSCs, ESCs, and STs (Figure 4 and Supplementary Figure S3). piRNA expression has been reported to
cluster on one strand [50]. Because of the repeat-enriched
property of piRNAs, we evaluated the frequency of this

4. Discussion
In this study, we used high-throughput sequencing to investigate the small RNA signatures and transitions during mouse
spermatogenesis. Overall decreases in miRNAs and endosiRNAs, in parallel with a gradual increase in piRNAs, were
a feature of small RNA transition during mouse spermatogenesis (Figure 6). Although the mechanisms responsible for
small RNA transitions remain unclear, these results provide
insights into the interactive dynamic gene regulation at the
posttranscriptional level during reproduction and development in mice. Moreover, the quantitative regulation by small
RNAs further illuminates the spatiotemporal sophistication
of gene expression in normal development, implying that
spatiotemporal abnormalities of small RNAs may play roles
in disease states.
Based on the opposite trends in small RNAs during
mouse reproduction and development, focusing on any one
type (or class) of small RNAs would only provide information on one aspect of gene regulation, and investigation
of small RNAs at the system level is necessary to address
posttranscriptional regulation and transition during mouse
spermatogenesis in a quantitative manner. Further studies
are also needed to determine if the pattern of small RNA
transition during mouse spermatogenesis is conserved in
humans. These results have potential implications for the
reprogramming of SSCs to ESCs based on small RNAs.
The importance of SSCs in spermatogenesis and the ease
of reprogramming them into gPSCs [2, 36, 52, 53] suggest
that an understanding of the molecular properties of SSCs
is essential. As noncanonical regulators of gene expression,
small noncoding RNAs have been the subject of intensive
studies over the past decade, and their roles in regulating
SSC function and spermatogenesis have been investigated
[26, 54–57]. In order to identify novel small noncoding
RNAs potentially responsible for the functional properties
of SSCs, we compared the genome-wide small RNA expression profiles of different mouse testis-derived cell populations, including somatic cells, developing GCs, and in vitro
expanded SSCs. We also examined mouse ESCs and MSCs to
investigate the similarities between SSCs and ESCs in terms
of small noncoding RNA expression profiles. We identified a
list of novel miRNAs that were specifically and abundantly
expressed in mouse SSCs. Further investigation aimed at
the functional dissection of these novel miRNAs could
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Figure 6: Schematic diagram of small RNA transition during mouse spermatogenesis.

generate new insights into the regulation of SSC activities.
Interestingly, our data demonstrated that SSCs displayed
similar miRNA expression profiles to ESCs. This similarity
was unique to SSCs, and the miRNA signature of MSCs,
the other somatic stem-cell type possessing multipotency,
did not resemble that of ESCs. Overall, these results indicate
that SSCs are primed to become ES-like cells, partially at
the miRNA expression level, and this transition can occur
easily under suitable culture conditions. miRNAs represent
a higher regulatory layer of gene function and cell behavior,
and the similarities in miRNA signatures between ESCs and
SSCs provide new clues to understanding the molecular basis
of the spontaneous reprogramming of unipotent SSCs into
multipotent gPSCs. The results of this study may shed light
on the mechanisms responsible for determining pluripotency
and aid in the development of new ways to treat germline
tumors.

5. Conclusion
Further investigation of SSC-specific miRNAs’s functional
annotation will allow insights into the mechanisms involved
in the regulation of SSC activities. And the similarity of
miRNA signatures between SSCs and ESCs will provide a new
clue to understanding the molecular basis underlying the easy
conversion of SSCs to ESCs.
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Heat maps and clustering are used frequently in expression analysis studies for data visualization and quality control. Simple
clustering and heat maps can be produced from the “heatmap” function in R. However, the “heatmap” function lacks certain
functionalities and customizability, preventing it from generating advanced heat maps and dendrograms. To tackle the limitations of
the “heatmap” function, we have developed an R package “heatmap3” which significantly improves the original “heatmap” function
by adding several more powerful and convenient features. The “heatmap3” package allows users to produce highly customizable
state of the art heat maps and dendrograms. The “heatmap3” package is developed based on the “heatmap” function in R, and it is
completely compatible with it. The new features of “heatmap3” include highly customizable legends and side annotation, a wider
range of color selections, new labeling features which allow users to define multiple layers of phenotype variables, and automatically
conducted association tests based on the phenotypes provided. Additional features such as different agglomeration methods for
estimating distance between two samples are also added for clustering.

1. Introduction
Gene expression analysis is one of the most popular analyses
in the field of biomedical research. In the age of highthroughput genomics, microarray technology dominated the
market of high-throughput gene expression profiling for
over a decade until the introduction of RNA-seq technology.
Regardless of which high-throughput gene expression profiling assay used, the heat map is one of the most popular
methods of presenting the gene expression data. A heat map
is a graphical representation of data where the individual
values contained in a matrix are represented as colors. There
are many variations of heat map such as web heat map
and tree map. Here, we focus on the biology heat map,
which is typically used to represent the level of expression
of genes across a number of comparable samples. A gene
expression heat map’s visualization features can help a user
to immediately make sense of the data by assigning different
colors to each gene. Clusters of genes with similar or vastly
different expression values are easily visible. The popularity
of the heat map is clearly evidenced by the huge number of
publications that have utilized it.
Cluster analysis is another popular method frequently
used with gene expression study [1]. In our context, clustering

refers to the task of grouping together a set of samples based
on the similarity of their gene expression patterns. There
are two major applications of cluster analysis. First, it is
often used as a quality control measurement for identifying
outliers. Second, it can be used to classify sample subtypes.
The majority of the time in gene expression studies, gene
expression is quantified from samples originating from multiple biological conditions. For example, most gene expression
studies will consist of disease and control groups. Samples are
selected based on their phenotype. In the ideal scenario, after
performing the cluster, samples with a specific phenotype
are in one cluster and samples without this phenotype are in
another cluster. However, in the real world, many factors can
affect the cluster results. For example, biological contamination can cause a sample to fail to cluster within the group.
Also, the phenotype used to select the sample might not be
the driving force in this sample’s gene expression pattern.
There may be other phenotypes that cause the sample’s gene
expression pattern to behave differently from other samples
within the same group. Thus, cluster analysis is an ideal
tool to detect outlier samples in gene expression studies [2].
Also, cluster analysis can be used to identify novel subtypes
[3]. For example, the breast cancer study from The Cancer
Genome Atlas (TCGA) project [4] used clustering techniques
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to discover the subtype of samples based on their gene
expression patterns. This is especially useful when subtypes of
the samples are unknown. Also, the clustering technique can
be applied to both sample and gene. When applied to both,
the heat map can help visualizing potential novel pathways
[5] and coexpression patterns [6].
The most popular tools to generate heat maps and clusters
include the “heatmap” function in R and Cluster 3.0 [7]. However, these tools have some limitations. First, they can be slow
and sometimes not able to finish for large expression matrices. Second, they are insufficient for producing advanced
graphics. Third, they lack customizability. For example, in the
breast cancer study from The Cancer Genome Atlas (TCGA)
project [4] mentioned previously, the authors used heat map
and cluster figures to present subtypes of the samples. The
heat map used in that publication showed several additional
bars to indicate phenotypes, and these phenotype bars are
the result of meticulous work done by hand. A tool that can
automatically display such phenotypes with the heat map is
highly desirable. Driven by such motivation, we have produced “heatmap3,” an advanced heat map and cluster analysis
tool in R. Our “heatmap3” package significantly improves the
original “heatmap” function’s functionality by adding more
powerful and convenient features including highly customizable legends, multiphenotype display bars including continuous phenotypes such as age, a wider range of color selection, a
wider range of distance and agglomeration method selection,
and automatic association tests of phenotype and cluster
groups. Our “heatmap3” package allows users to generate
heat maps and clusters and to make annotations easily. Users
with basic skill in R can operate “heatmap3” without trouble.

2. Implementation
The “heatmap3” package is developed based on the “heatmap”
function in R, and it is also backward compatible with it (i.e.,
if a code were written for the “heatmap” function, it will also
run with the “heatmap3” package without problem). All the
commands and parameters for “heatmap” can also be used
in “heatmap3.” We have implemented many new parameters
in the “heatmap3” package in order to accommodate for
the more powerful features. Detailed explanations and a
manual of these parameters can be found at the hosting website of “heatmap3” (http://cran.r-project.org/web/packages/
heatmap3/index.html).
2.1. Compute the Hierarchical Clustering between Rows and
Columns. To assess the similarity of gene expression patterns
between two samples, a distance or score needs to be computed. The original “heatmap” function used the Euclidean
distance as the default distance method and complete linkage
as the agglomeration method; it is not easy to change the
default distance method within the original “heatmap” function. Our “heatmap3” package provides a wide selection of
distance and agglomeration options, such as centered Pearson
correlation, uncentered Pearson correlation, and average
linkage. More importantly, “heatmap3” uses the clustering
function in the “fastcluster” package when the expression
matrix is large. This package efficiently implements the
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seven most widely used clustering schemes: single, complete,
average, weighted, Ward, centroid, and median linkage. By
using the “fastcluster” package, “heatmap3” is able to produce
hierarchical clusters much faster and more efficiently than the
original “heatmap” function.
2.2. Plot the Heat Map and Dendrogram. The “heatmap3”
package sorts the rows and columns based on the hierarchical
clustering result. The colors will then be assigned to the
genes to represent the expression value. A balance option is
provided here to ensure the median color will represent zero
value. The heat map and dendrogram are plotted in the same
fashion as the original “heatmap” function. However, more
customization parameters are implemented. For example, the
user now can choose to display or hide the dendrogram.
2.3. Plot the Color Bar, Annotation, and Legend. A color bar
which represents the relationship between colors and values
will be automatically generated at the top left side of the
figure. The categorical phenotypes such as gender and race
and the continuous phenotypes such as age and drug dose
can be annotated in the column side of the heat map figure.
This allows users to easily compare the annotation with the
heat map results and make proper inference. Furthermore,
“heatmap3” provides the function interfaces for generating
the user’s own annotations and legends. Users can use their
own R functions to generate figures in the legend position and
annotation position.
2.4. Cut and Statistically Test for Annotation in Different
Groups. Our “heatmap3” package provides an automatic
grouping method. A cutoff needs to be provided, and the
dendrogram tree will be cut at the height of cutoff. The
samples will be divided into several groups and labeled by
different colors at the cutoff level. Then, statistical tests will
be performed to see if the annotations are distributed equally
in different groups. We used a chi-squared test for factor
annotations and ANOVA for continuous annotations. These
group results and 𝑃 values will be returned to the user so that
they can be used as criteria for selecting the genes that best
separated the samples.

3. Results
To demonstrate the “heatmap3” package’s efficiency and
visualization power, we used RNA-seq gene expression results
from the TCGA breast cancer (BRCA) dataset. The
example dataset and its command can be downloaded
from https://github.com/slzhao/heatmap3. The complete
read count and clinical information can be seen in Tables
S1 and S2 (see Supplementary Tables S1 and S2 available
online at http://dx.doi.org/10.1155/2014/986048). To install
the “heatmap3” package, type the following command in R:
install.packages(“heatmap3”)
First, we performed differential analysis by the “edgeR”
[8] package to compare the gene expression between triple
negative samples versus nontriple negative samples. The 𝑃
values and fold changes for genes were taken as annotation
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information (Table S3). We selected 500 genes with the largest
standard deviations and randomly selected 30 samples to
generate the heatmap. By selecting genes with large standard
deviations, we effectively removed the nonexpressed genes
across all samples, and the results still remained unbiased.
We also included several important clinical variables for
demonstration purposes. The selected phenotype variables
were age, triple negative (TN) status, estrogen receptor
(ER) status, progesterone receptor (PR) status, and human
epidermal growth factor receptor 2 (HER2) status.
Using these data, a heat map with legend color bar,
column side annotations, and row side annotations was
generated (Figure 1). The legend color bar indicates the
relation between scaled expression values and colors, and the
colors were balanced to ensure the white color represented
zero value. We provided two annotation methods: color bar
and categorical bar. Color bar is ideal to represent multiple
phenotypes that are mutually exclusive. For example, for phenotypes of disease and normal, a sample can only be disease
or normal but not both. Categorical bar is ideal to represent
multiple phenotypes that are not mutually exclusive. For
example, a sample can be TN and ER negative simultaneously.
The annotation on the 𝑦-axis side demonstrates how the
customized function can be used for annotation. Here, we
used the “showAnn” function within the package as an example. The categorical phenotype annotations (ER, PR, HER2
and TN) were separated into two columns, and the samples
were labeled by black squares. The numeric annotation (age)
was demonstrated by a scatter plot, and the values were
labeled at the right axis. The annotation on the row side
indicated an example of annotation by color bar. The green
to red and orange to white colors here represent the log2 fold
changes and the negative log10 𝑃 values, respectively. We can
easily find that the genes increased in tripe negative samples
(red color in log2 fold change annotation) were clustered in
the bottom of heat map, while the genes decreased in tripe
negative samples (green color in log2 fold change annotation)
were clustered in the top of the heat map.
Using a height cutoff of 0.85 for the dendrogram tree on
the column side, clearly, the samples were divided into two
groups and labeled by different colors. As expected, the triple
negative samples were enriched in the right group and nontriple negative samples were enriched in the left group. For the
ER, PR, and HER2 levels, we can find that most of the samples
were HER2 negative, and the ER and PR negative samples
were enriched in the right group. Based on the results from
the heat map, we might able to infer that ER and PR positive
appear more in patients and they may have more important
roles in defining triple negative samples. To generate Figure 1
using example data, enter the following command in R:
# assume “counts” is the expression data, “colGene”
contains the colors indicating fold changes and 𝑃
value, and “clinic” contains the ER, PR, HER2, TN,
and age information,
temp<-apply(counts,1,sd),
selectedGenes<-rev(order(temp))[1:500],
heatmap3(counts[selectedGenes,],labRow=“”,margin
=c(7,0),RowSideColors=colGene[selectedGenes,],
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Table 1: The statistical test result for categorical annotation in
different groups.

ER
Negative
Positive
Positive Percent
PR
Negative
Positive
Positive Percent
HER2
Negative
Positive
Positive Percent

Cluster1

Cluster2

𝑃 value by
chi-square test

2
13
0.87

11
4
0.27

0.003

4
11
0.73

13
2
0.13

0.003

13
2
0.13

13
2
0.13

0.023

Table 2: The statistical test result for age in different groups,
ANNOVA 𝑃 value: 0.429.
Age
Min.
1st Qu.
Median
Mean
3rd Qu.
Max.

Cluster1
41.00
51.00
61.00
60.00
64.25
89.00

Cluster2
46.00
49.00
55.00
57.13
62.50
80.00

ColSideCut=0.85,ColSideAnn=clinic,ColSideFun=
function(x) showAnn(x),ColSideWidth=1.2,balance
Color=T).
Association tests between phenotype and cluster groups
were performed automatically by “heatmap3” (Tables 1 and
2). The number of categorical phenotypes and quantiles of
continuous phenotype variables in each cluster group are
summarized and reported. Chi-square test for categorical
variables and ANOVA for continuous variables are performed by “heatmap3.” Based on the results, ER, PR, and
HER2 were not equally distributed between the two clusters.
On the other hand, age had no association with the two
clusters (𝑃 = 0.429).
The “heatmap3” package also provides an option which
allows the generation of multiple heat maps and dendrograms
based on the threshold criteria selected by the user. Using the
same dataset, we performed heat map and cluster analysis
using all genes, the top 3000 genes, and the top 500 genes
selected by standard deviation. Figure 2 shows the three
dendrograms. All three dendrograms showed clearly two
large clusters. Using TN status as the primary phenotype,
each time a more stringent standard deviation cutoff was
used, the clusters became clearer between TN and non-TN.
This example illustrates the importance of selecting more
statistically varied genes for subtyping purposes. We can
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41

Figure 1: An example of “heatmap3” package. The heat map was generated based on 30 samples from TCGA BRCA dataset. The dendrogram
of samples (top) was divided into two parts based on the correlation between samples’ gene expression and then labeled, respectively. The
categorical annotation bars (above heat map) demonstrate the annotation for age, TN, HER2, PR, and ER. The color bar on the left side
demonstrates the log2 fold changes and negative log10 𝑃 values from comparison of triple negative patients versus nontriple negative patients.

conclude that the genes with the highest standard deviations
can be used to separate the triple negative and nontriple
negative samples. To generate Figure 2 using the example
dataset, type the following commands in R:
# assume “counts” is the expression data, “colGene”
contains the colors indicating fold changes and 𝑃

value, and “clinic” contains the ER, PR,HER2, TN,
and age information,
heatmap3(counts,topN=c(500,3000,nrow(counts)),
labRow=“”,margin=c(7,0),RowSideColors=colGene,
ColSideCut=0.85,ColSideAnn=clinic,ColSideFun=
function(x) showAnn(x),ColSideWidth=1.2,balance
Color=T).
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Figure 2: The dendrograms and clusters generated by top 500, top 3000, and all genes which were selected by standard deviation. The triple
negative samples were more enriched in one group when genes with larger standard deviation were used. The results demonstrate that the
“heatmap3” package can be helpful in selecting genes that best represent the phenotypes of samples.

4. Discussions
In this paper, we discussed the importance of heat map and
clustering analysis as well as the limitations of existing heat
map and clustering tools. To address these limitations, we
implemented the “heatmap3” package in R and demonstrated
its effectiveness using RNA-seq data from a breast cancer
study in TCGA. The “heatmap3” package is designed with
advanced options and is completely backward compatible
with the original “heatmap” function in R. Users with limited
R skill can generate sophisticated heat maps and dendrograms with ease. In summary, the “heatmap3” package fills

the void of advanced graphical options in current heat map
tools. It provides the much needed customizability for heat
map and cluster analysis.
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The recent high-throughput sequencing has enabled the composition of Escherichia coli strains in the human microbial community
to be profiled en masse. However, there are two challenges to address: (1) exploring the genetic differences between E. coli strains in
human gut and (2) dynamic responses of E. coli to diverse stress conditions. As a result, we investigated the E. coli strains in human
gut microbiome using deep sequencing data and reconstructed genome-wide metabolic networks for the three most common E.
coli strains, including E. coli HS, UTI89, and CFT073. The metabolic models show obvious strain-specific characteristics, both in
network contents and in behaviors. We predicted optimal biomass production for three models on four different carbon sources
(acetate, ethanol, glucose, and succinate) and found that these stress-associated genes were involved in host-microbial interactions
and increased in human obesity. Besides, it shows that the growth rates are similar among the models, but the flux distributions
are different, even in E. coli core reactions. The correlations between human diabetes-associated metabolic reactions in the E. coli
models were also predicted. The study provides a systems perspective on E. coli strains in human gut microbiome and will be helpful
in integrating diverse data sources in the following study.

1. Introduction
Escherichia coli (E. coli) is the most widely studied prokaryotic
model organism and an important species in the fields of
biotechnology and microbiology. E. coli constitutes about
0.1% of human gut flora [1], which benefits human beings
by providing supplemental nutrition, by enhancing nutrient acquisition, and by preventing the establishment of
pathogenic bacteria within the intestine [2]. The study of this
bacterium is both of importance for applications, such as
environmental testing and metabolic engineering [3], and of
interest as a fundamental physical problem. For example, a
recent study demonstrated an obvious increase in the number
of E. coli in the stool, while diarrhea was apparent [4].
In the recent five years, the flood of deep sequencing
data has set the latest wave of microbiome research apart

from earlier studies, with the ability to enumerate all of
the cells in a complex microbial community at once [5].
For instance, using deep sequencing, the Human Microbiome Project (HMP) was launched to characterize the
microbial communities found at several different sites on
the human body and to analyze the role of these microbes
in human health and disease [6, 7]. This switch from the
low-throughput technique, culture-based enumeration, to
the high-throughput technology of deep sequencing offers
several advantages, including high accuracy, culture-free
sampling, and comprehensive information. However, there
are still two challenges to address. First, due to the huge data
size and high complexity of the different algorithms, it is
difficult to determine the exact roles of the various species
in human microbiome, let alone strains of the same species.
The composition of E. coli strains is of value to human health;
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for example, changes in the E. coli composition were observed
associated with intestinal inflammatory disorders in human
and mice [8, 9]. Second, most of the microbiota community
structures obtained from sequencing were “static,” while
the human microbiomes are diverse and dynamic. The diet
changes, individual differences, sampling sites, and physical
conditions are responsible for the dynamic responses of
human microbiome [10–12]. However, the comprehensive
responses of microbiome to the dynamic microenvironments
can hardly be obtained from one or several samples.
To solve these problems, considerable efforts have been
made to develop metabolic networks of E. coli [3, 13, 14].
These in silico models have been successfully applied in many
fields. For example, they were frequently used in prediction
of steady-state or dynamic responses of cells to changes
in ecosystems [3]. In addition, the metabolic models can
be easily integrated with other data sources, such as DNA
sequencing [15], expression profiles [16], proteomics [17], or
metabolomics [18]. Goals of such data integration efforts
are (1) to gain a better understanding of the observable
phenotypes of the cell, (2) to predict potential functions of
molecular signatures, and (3) to apply these in silico models
for biological discovery and engineering applications. As a
result, integration of relevant omics data with metabolic models as a representative species in the human gut microbiota
elucidates the changes in the gut microbiota.
In this study, we performed in silico modeling of
metabolic networks of E. coli strains in human gut microbiome. First, we determined E. coli strains in human gut
microbiome using 148 fecal metagenomes. Next, we reconstructed genome-wide metabolic network of common E. coli
strains in human gut. Then, the cellular phenotypes were
predicted and validated using the genome variation of E.
coli and diet changes. The findings of the study will help
in developing new technologies and tools for computational
analysis and exploring the relationship between disease and
changes in the human microbiome.

2. Materials and Methods
2.1. Human Gut Metagenomes and Reference Genomes.
High-quality short reads of 148 human gut samples
were retrieved from Human Microbiome Project (HMP,
http://www.hmpdacc.org/). The sequenced and wellannotated E. coli genomes (totally 61 genomes) deposited
in GenBank were downloaded from NCBI database
(http://www.ncbi.nlm.nih.gov/), to build a reference genome
database. The reads were aligned against the E. coli reference
genome using BLASTN (version 2.2.27+) with 𝐸 < 0.01,
minimal 99% identity cutoff and considering the reads that
were aligned onto only a single position in the reference
genome.
2.2. De Novo Assembly and Identification of Genes. The
reads of human gut samples were assembled by Newbler
(454/Roche GS Mapper/Assembler), following the protocol
in HMP [19]. The assembled scaffolds were aligned against
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E. coli genomes using BLASTN with minimal 99% identity
cutoff and best hit output.
2.3. Reconstruction of Strain-Specific Metabolic Network. The
E. coli pan-genome (the union of the gene sets of all the
strains of a species) metabolic network has been generated
in a recent study [20]. The strain-specific metabolic model
could be reconstructed based on the pan-genome metabolic
network. We generated metabolic networks for the common
E. coli strains in human gut microbiome based on the pangenome metabolic network.
In the process, we derived the strain-specific metabolic
models using two commonly used algorithms of top-down
metabolic reconstructions, including GIMME [21] and iMAT
[22]. These two algorithms are different: the GIMME is a
linear programming procedure, while the iMAT is a mixed
integer linear programming procedure.
2.4. Predictions of Cellular Phenotypes Using Metabolic Network. Fluxes through reactions in the metabolic models can
be predicted using flux balance analysis (FBA) [23]. In the
process, fluxes are constrained by steady-state mass balances,
enzyme capacities, and reaction directionality, which yield a
solution space of possible flux values. Besides, FBA uses an
objective function to identify flux distributions that maximize
(or minimize) the physiologically relevant predicted solution.
Cellular growth rate (biomass production in another word)
was used as an objective function for FBA analyses performed
in this study. The same biomass equation, growth (GAM)
and nongrowth (NGAM) associated ATP requirement values,
and PO (number of ATP molecules produced per pair of
electrons donated to the electron transport system) ratio were
used for all the E. coli models and were the same as that
in iAF1260 model [24]. When the metabolic models were
used to simulate the change of carbon source (e.g., from
glucose to succinate), we obtained the corresponding optimal
growth rates and flux distributions for all the reactions. If
the uptake/secretion flux for a reaction in the optimal flux
solution was reduced or increased by over 10% (flux.𝑥 >
1.1 × flux.𝑦 or flux.𝑥 < 0.9 × flux.𝑦) between two conditions,
we defined the reactions to be associated with the diet stress.
Uniform random sampling of the solution space for E.
coli metabolic models in any environmental condition is
a rapid and scalable way to characterize the structure of
the allowed space of metabolic fluxes [25]. The set of flux
distributions obtained from sampling can be interrogated
further to answer a number of questions related to the
metabolic network function. In the study, we studied how
dependent two reactions within the E. coli network were on
each other.
2.5. Flux Variability Analysis (FVA). Biological systems often
contain redundancies that contribute to their robustness.
FVA can be used to examine these redundancies by calculating the full range of numerical values for each reaction flux in
a network [26]. In FVA, the process is carried out by optimizing for a particular objective, while still satisfying the given
constraints set on biological systems. In the study, FVA was
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applied to determine the ranges of fluxes that correspond to
an optimal solution of the E. coli models determined through
FBA. The maximum value of the objective function is first
computed and this value is used with multiple optimizations
to calculate the maximum and minimum flux values through
each reaction.

3. Results
3.1. E. coli in Human Gut Microbiome. Deep metagenomic
sequencing provides us the opportunity to explore the existence of a common set of E. coli species in human gut
microbiome.
To obtain this goal, we built a nonredundant database
of 61 sequenced and well-annotated E. coli genomes. After
aligning the reads of each human gut microbial sample onto
the reference database, we determined the proportion of
the genomes covered by the reads (Methods). At a 99%
identity threshold and 10-fold coverage (the genomes of E.
coli strains are 5 M on average), we detected one in all gut
samples, three in 80%, and seven in 60% of the 148 human
gut samples (Table 1). We focused on the three common E.
coli strains, including E. coli HS, UTI89, and CFT073. Other
recent studies support our findings, including studies from
human [27] and animal models [28].
Besides the genome-guided methods, the reads were used
to perform de novo assembly, which can recover transcript
fragments from regions missing in the genome assembly
[29]. We first assembled metagenomes in 148 human gut
microbiome samples using over 10 billion reads. Then, we
mapped the 15 million gut scaffolds to the 293663 genes
(target genes) of the 61 E. coli genomes in the human gut.
At a 99% identity threshold, over 60% of the target genes of
the seven E. coli in Table 1 had at least 80% of their length
covered by a single scaffold, indicating that the genes of these
E. coli strains were significantly enriched in the gut scaffolds
(Fisher’s exact test, 𝑃 < 10−10 ).
3.2. In Silico Metabolic Models of E. coli Strains. We generated
genome-wide metabolic network of three common E. coli (E.
coli HS, UTI89, and CFT073) from metabolic model of E. coli
pan-genome using GIMME and iMAT algorithms.
The results indicate that the metabolic networks obtained
with the two algorithms are identical (TEXT S1–S3 available
online at http://dx.doi.org/10.1155/2014/694967). We then
explored the differences in network properties among the
three models. It shows that these models are different in network structure (Figure 1(a), Table S1). For example, compared
with E. coli CFT073 and E. coli UTI89, E. coli HS model
has 41 specific metabolic reactions catalyzed by 36 genes
(Figure 1(b)). These reactions are associated with alternate
carbon metabolism, murein recycling, nitrogen metabolism,
and inner membrane transport. Most of the reactions tend to
form a subnetwork rather than are scattered in an apparently
random manner in the metabolic network. We also observed
32 different metabolites not included in all the three models
(Table 2). Only three of the metabolites (including allantoate,
tRNA-Ala, and tRNA-Phe) can be detected in the human
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metabolic model Recon2 [30], suggesting that most of these
different metabolites are not involved in direct interactions
of gut microbiome host. However, some of these metabolites
are of importance to strain-specific characteristics and closely
related to human-microbe interactions. For example, GDPL-fucose plays important roles in microbial infection and
numerous ontogenic events [31].
The genome-wide metabolic networks for E. coli CFT073
and UTI89 have recently been reconstructed based on the
comparative genomics analysis [20]. We compared our models (TEXT S1–S3) with the previous ones and found that
our models included more metabolic genes because the deep
sequencing has been proven to lead to the identification of
large populations of novel as well as missing transcripts that
might reflect Hydra-specific evolutionary events [32].
3.3. Optimal Flux Distributions for E. coli Strains. In the
previous studies, one of the most fundamental genome-scale
phenotypic calculations is the simulation of cellular growth
using flux balance analysis (FBA) [25]. As a result, we defined
biomass composition of the cell as the biomass objective
function and performed FBA on the model in order to
maximize the objective function. It shows that the optimal
biomass flux for the three models are pretty close (optimal
flux = 0.7287 for CFTO73, while optimal flux = 0.7367 for
HS and UTI89). However, the optimal flux distributions are
of different in the networks. Figure 2 shows the optimal
flux distribution map of core metabolic network in three
E. coli strains. It shows that the fluxes of ACS (acetylCoA synthetase), PTAr (phosphotransacetylase), and ACKr
(acetate kinase) in CFTO73 model are obviously different
from that in the other two models.
We then estimated the effect of reducing flux through
metabolic reactions on biomass production of three models. Two reactions ACOAD6F (acyl-CoA dehydrogenase,
tetradecanoyl-CoA) and PGK (phosphoglycerate kinase)
were taken as examples here (Figure S1). It shows that
the growth rate is sustained near the optimal value over a
range of values for PGK in all three models, indicating the
same network robustness with respect to flux changes in the
reaction (Figure S1A). However, the effects of reducing flux
through ACOAD6F on growth are different between E. coli
CFTO73 and the other two models (Figure S1B). Besides,
the growth rate is sharply reduced after reaching the optimal
value in HS and UTI89 models.
3.4. Dynamic Responses of Metabolic Networks to Changes
in Carbon Sources. Although a few human gut microbiome
projects have been launched, the interrelationships between
our diets and the structure and operations of our gut microbial communities are poorly understood. Here, we predicted
the human gut E. coli’s response to diet using metabolic
modeling.
We simulated the optimal growth rates for three models on carbon source as acetate, ethanol, glucose, and
succinate, respectively (uptake rate sets all changed to
9 mmol gDW−1 h−1 ). The average growth rates of three
metabolic models corresponding to four diet conditions are
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Table 1: Common Escherichia coli strains in human gut.

Escherichia coli strains

Samples counta

Genome size

Gene counts

Protein count

Genes by de novo
assembly

148
134
125
115
94
90

4.6 M
5.0 M
5.2 M
4.9 M
5.0 M
4.9 M

4629
5127
5579
4756
4975
4779

4377
5017
5369
4533
4873
4619

3606
3435
3406
3512
3381
3488

90

5.0 M

4890

4552

3179

E. coli HS
E. coli UTI89
E. coli CFT073
E. coli KO11FL
E. coli NA114
E. coli 536
E. coli O127:H6 str.
E2348/69
a

There are 148 individual samples in the analysis.

Reactions

Reversible
reactions

Strains

Genes

Metabolites

E.coli_CFT073

1149

2226

1621

838

E.coli_HS

1223

2330

1646

841

E.coli_UTI89

1193

2314

1632

845

(a)
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GGPTRCS
OP4ENH

ASO3t8pp

42A12BOOXpp

GGGABADr
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(b)

Figure 1: Comparisons of metabolic networks of three E. coli strains. (a) Basic parameters of metabolic models. (b) Strain-specific reactions
in E. coli HS model.
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Table 2: Different metabolites in E. coli strains.

Metabolites
4h2opntn
acglc-D
acmalt
alatrna
all6p
alltt
allul6p
cechddd
cenchddd
cinnm
dhcinnm
dhpppn
dtdp4d6dm
dtdprmn
frulysp
gdpddman
gdpfuc
gdpofuc
gg4abut
ggbutal
ggptrc
hkndd
hkntd
malt6p
man6pglyc
op4en
pac
phaccoa
phetrna
trnaala
trnaphe
urdglyc

Descriptions
4-Hydroxy-2-oxopentanoate
6-Acetyl-D-glucose
Acetyl-maltose
L-Alanyl-tRNA(Ala)
D-Allose 6-phosphate
Allantoate
Allulose 6-phosphate
cis-3-(3-Carboxyethyl)-3,5-cyclohexadiene-1,2-diol
cis-3-(3-Carboxyethenyl)-3,5-cyclohexadiene-1,2-diol
trans-Cinnamate
2,3-Dihydroxicinnamic acid
3-(2,3-Dihydroxyphenyl)propanoate
dTDP-4-dehydro-6-deoxy-L-mannose
dTDP-L-Rhamnose
Fructoselysine phosphate
GDP-4-Dehydro-6-deoxy-D-mannose
GDP-L-Fucose
GDP-4-oxo-L-Fucose
Gamma-glutamyl-gamma aminobutyric acid
Gamma-glutamyl-gamma-butyraldehyde
Gamma-glutamyl-putrescine
2-Hydroxy-6-oxonona-2,4-diene-1,9-dioate
2-Hydroxy-6-ketononatrienedioate
Maltose 6 -phosphate
2(alpha-D-Mannosyl-6-phosphate)-D-glycerate
2-Oxopent-4-enoate
Phenylacetic acid
Phenylacetyl-CoA
L-Phenylalanyl-tRNA(Phe)
tRNA(Ala)
tRNA(Phe)
(-)-Ureidoglycolate

shown in Figure 3(a). We can see that the growth rates for
three models are similar in different conditions. Besides, it
demonstrates substantially decreased anaerobic growth as
compared with aerobic (18 mmol gDW−1 h−1 ) growth with
the same glucose uptake rate, which was supported by recent
studies that E. coli requires aerobic respiration to compete
successfully in the mouse intestine [8, 9]. For E. coli strains
in human gut, carbon sources are diverse, but glucose is most
suitable for their growth.
These responses of E. coli to the diet changes involve
many metabolic genes and pathways. We explored the perturbations in the metabolic networks and found 10 genes
(including ADH5, ALDH5A1, DLD, FECH, GCLC, GPT,
GSR, KARS, MPST, and TST) closely associated with the
diet stress (Figure 3(b)). The glycolysis, gluconeogenesis,
and glycerophospholipid metabolism were enriched in the
metabolic reactions catalyzed by these genes (𝑃 < 10−3 using
Fisher’s exact test). Besides, we found that these enzymes
were evolutionarily conserved from E. coli to human and

Formulas
C5H7O4
C8H14O7
C14H24O12
C3H6NOR
C6H11O9P
C4H7N4O4
C6H11O9P
C9H11O4
C9H9O4
C9H7O2
C9H7O4
C9H9O4
C16H22N2O15P2
C16H24N2O15P2
C12H24N2O10P
C16H21N5O15P2
C16H23N5O15P2
C16H21N5O15P2
C9H15O5N2
C9H16O4N2
C9H20O3N3
C9H8O6
C9H6O6
C12H21O14P
C9H14O12P
C5H5O3
C8H7O2
C29H38N7O17P3S
C9H10NOR
R
R
C3H5N2O4

Charges
−1
0
0
1
−2
−1
−2
−1
−1
−1
−1
−1
−2
−2
−1
−2
−2
−2
−1
0
1
−2
−2
−2
−3
−1
−1
−4
1
0
0
−1

were involved in the interactions between human and E. coli
[14, 33]. Especially, nine out of these 10 genes (except GPT,
glutamic-pyruvate transaminase) were found to be increased
in human obesity [34].
3.5. Analyzing Flux Correlations in Diabetes-Associated Pathways in E. coli Using Sampling. Assessment and characterization of gut microbiota (E. coli acts as an integral
component) has become a major research area in human type
2 diabetes, the most prevalent endocrine disease worldwide.
A recent metagenomic research identified and validated over
400 type-2-diabetes-associated markers in E. coli, including
over 100 metabolic genes [35]. In the study, we performed
uniform random sampling for three models under glucoselimiting aerobic growth conditions to explore the relationships between the diabetes-associated pathways.
We detected 158 metabolic reactions in E. coli models that
were associated with human type 2 diabetes (Table S2). It
shows that these reactions participate in many subsystems,
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Scale: linear; ﬂux:

−50

+50

(a)

(b)

Figure 2: Flux balance analysis of metabolic models. The figure shows the core metabolic map (a) in E. coli and the reactions with different
fluxes (b) among three E. coli models. ACS: acetyl-CoA synthetase; PTAr: phosphotransacetylase; ACKr: acetate kinase.

of which over 30% are associated with lipid metabolism
and cofactor/prosthetic group biosynthesis. Correlation ships
between some metabolic reactions can be observed in
Figure 4. For example, PGL (6-phosphogluconolactonase)
and GND (phosphogluconate dehydrogenase) fluxes are
positively correlated in the E. coli HS model, whereas PGL
shows negative correlation with RPI (ribose-5-phosphate isomerase) fluxes. The correlation ships between these diabetesassociated reaction fluxes are the same in other two models.
3.6. Flux Variability Analysis (FVA) of E. coli Models. FBA
returns a single flux distribution that corresponds to maximal
biomass production under given growth conditions. However, alternate optimal solutions may exist, which correspond
to maximal growth. As a result, we performed FVA for the
three E. coli models under glucose-limited aerobic growth
conditions (glucose and oxygen were changed to 10 and
18 mmol gDW−1 h−1 , resp.).
It shows that the minimum and maximum fluxes for the
reactions in E. coli models are different. Figure 5 illustrates
FVA result for the seven reactions in pyrimidine biosynthesis.
All the reactions have different flux range in three networks,
especially carbamate kinase and dihydroorotic acid dehydrogenase.

4. Discussion and Conclusion
In our study, we determined the common E. coli strains in
human gut microbial communities based on HMP datasets.
We applied two widely used algorithms (GIMME and iMAT)
to reconstruct genome-wide metabolic models for three

common E. coli strains (E. coli HS, UTI89, and CFT073) and
compared the network characteristics of these models. These
models were then used to predict the cellular phenotypes
and dynamic responses to the diverse gut microenvironment.
The models were also applied in exploring the relationships
between E. coli and human diabetes. The results will be helpful in exploring the dynamic responses of gut microbiome to
the environmental perturbations.
The E. coli strains have been proven to be significantly
different among individuals, although the species is abundant
in human gut [36]. Although it is well accepted that the
composition of E. coli strains in human gut flora is associated
with health status, the exact molecular mechanism is still
unclear. We detected the common E. coli strains in human gut
and systematically compared their functions through in silico
modeling, which have two advantages over the traditional
methods. First, the sequencing data allows for a much more
accurate determination of microbiome composition. The
advent of next-generation sequencing (NGS) enabled several
high-profile collaborative projects including the HMP Consortium (http://www.hmpdacc.org/project catalog.html)
and MetaHIT Consortium (http://www.sanger.ac.uk/resources/downloads/bacteria/metahit/), which have released a
wide range of data on the human microbiome. Using these
datasets, we applied different methods (genome-guided mapping and de novo assembly) to determine the common E.
coli strains, making the following study of interconnectivity
between gut microbiota, diet, and cell molecular responses
available. Second, the metabolic modeling can allow us to
see how a biological system might respond [37]. This will
guide the wet lab experiments and avoid most of the mistakes
in the process. In fact, developing computational methods
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Figure 3: Optimal growth rates for E. coli strains on different carbon sources and the associated gene-protein reactions. (a) Optimal growth
rates for E. coli strains on nutrition sources in human gut. The length of each bar represents the average optimal growth rates for three models
on the same carbon source. (b) The diet stress-associated metabolic network in gut E. coli.

capable of predicting metabolic flux by integrating these data
sources with a metabolic network is a major challenge of
systems biology [18]. For example, the predicted behaviors
of diabetes-associated reactions in E. coli (Table S2) can be
integrated with experimental validations to detect the causal
genes in human diabetes.

The E. coli is regarded as the prototypical pluripotent
pathogens capable of causing a wide variety of illnesses in
a broad array of species, including pyelonephritis, diarrhea,
dysentery, and the hemolytic-uremic syndrome [38]. In
particlar, human gut E. coli and its relationship to complex
diseases, such as cancer [39] and diabetes [40], has attracted
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Figure 4: Flux sampling of E. coli HS model. Flux distribution histograms (diagonal) and pairwise scatterplots (off-diagonal) for diabetesassociated metabolic reactions in E. coli HS model. The x-axis of the histograms indicates the magnitude of the flux through the
particular reaction. The scatterplots on the off-diagonal elements show the relationship between fluxes through two reactions. GND:
phosphogluconate dehydrogenase; CAT: catalase; GNK: gluconokinase; RBK: ribokinase; HSK: homoserine kinase; TMK: thiamine kinase;
PGL: 6-phosphogluconolactonase; FBA: fructose-bisphosphate aldolase; FUM: fumarase; MME: methylmalonyl-CoA epimerase; RPI: ribose5-phosphate isomerase.

increasing interest in the last few years. A question then
arises: “How is it possible for this Jekyll and Hyde species to
both coexist peacefully with its host and cause devastating
illness?” [38]. The answer mainly lies in the existence of
different strains of E. coli with variable pathogenic potential
[41]. However, we can hardly draw a complete picture of how
the E. coli strains respond physiologically to the complex
gut microenvironment. Our study can provide valuable
information based on the systematic comparisons of different
E. coli strains. It shows that although the optimal growth
rates are similar for three E. coli strains, the optimal flux
distributions are different for three models, even in E. coli
core reactions. The detected different reactions, such as ACS
(acetyl-CoA synthetase) and PTAr (phosphotransacetylase)
were approved to be involved in the virulence of E. coli and
be associated with human complex diseases [35, 42]. The
results can be integrated with other data sets, such as human
clinical trials and virulence profiles, which will help establish
the extent of commonality between food-source and human
gut E. coli [43] and estimate the contribution of strain-specific
reactions or genes to infections in humans.
We found that the E. coli responded distinctly to different
gut diets and the stress-associated genes were closely associated with obesity. With the high prevalence of diet-induced
health concerns, such as diabetes and obesity, there remains a
need for approaches that treat the causal factors. Among these
factors, gut microbiome is drawing more attention [35, 44] for
it is suitable as disease markers and drug targets. For example,

Qin et al. carried out a metagenome-wide association study
which indicated that patients with type 2 diabetes have only
moderate intestinal dysbiosis but that butyrate-producing
bacteria are less abundant and opportunistic pathogens are
more abundant in these individuals than in healthy controls
[35]. The underlying mechanisms of interactions between
gut microbiome and human health are complicated; however
the stress-associated pathways (such as the detected the
gluconeogenesis, and glycerophospholipid metabolism) may
play important roles in the disease development. The diet
changes first induced changes of involved metabolic genes
(such as ADH5, alcohol dehydrogenase 5), which trigger the
downstream signaling pathways. These signaling pathways
mainly associated with immune responses and development
[44, 45]. It is commonly accepted that the gut microbiota
interacts with the immune system, providing signals to
promote the maturation of immune cells and the normal
development of immune functions [46]. The dynamic interactions between all components of the microbiota and host
tissue over time will be crucial for building predictive models
for diagnosis and treatment of diseases linked to imbalances
in our microbiota.
In summary, the findings here represent a significantly
expanded and comprehensive reconstruction of the E. coli
metabolic network in human gut. This work will enable a
wider spectrum of studies focused on microbe-host interactions and serve as a means of integrating other omics sets in
systems biology.

BioMed Research International

9
mqn8
pi

co2

CBMKr

nh4
atp

cbp

h
adp

ASPCT
asp-L

mql8
DHORD5

cbasp

h

Pyrimidine biosynthesis

DHORTS dhor-S
h

ORPT

h2o

DHORD2
q8

orot
prpp

orot5p

OMPDC

h

co2

ppi

ump

q8h2

(a)
CFTO73

HS

UTI89

Reactions

minFlux

maxFlux

minFlux

maxFlux

minFlux

maxFlux

CBMKr

−4.15

2.20

−4.26

2.26

−7.24

3.20

ASPCT

0.25

1.96

0.26

2.03

0.22

1.08

DHORTS

−1.98

−0.25

−2.03

−0.26

−1.08

−0.22

DHORD2

0

1.98

0

2.03

0

1.08

DHORD5

0

1.98

0

2.03

0

1.08

ORPT

−1.96

−0.25

−2.03

−0.26

−1.08

−0.22

OMPDC

0.25

1.98

0.26

2.03

0.22

1.08

Bidirectional/reversible
Unidirectional/reversible
reverse
Unidirectional/irreversible

(b)

Figure 5: FVA of E. coli models. Shown is a map of metabolic reactions in pyrimidine biosynthesis pathway of E. coli models. Using FVA, the
minimum (min) and maximum (max) allowable flux values for each reaction were determined. The values shown in the table correspond to
the min and max allowable fluxes for each reaction shown in the map. The results were further characterized by the direction of predicted
flux (bidirectional or unidirectional) computed using FVA. The full names of the metabolic reactions are included in TEXT S1–S3.
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Previous studies have indicated that the downstream proteins in a key pathway can be potential drug targets and that the pathway
can play an important role in the action of drugs. So pathways could be considered as targets of small molecules. A link map
between small molecules and pathways was constructed using gene expression profile, pathways, and gene expression of cancer cell
line intervened by small molecules and then we analysed the topological characteristics of the link map. Three link patterns were
identified based on different drug discovery implications for breast, liver, and lung cancer. Furthermore, molecules that significantly
targeted the same pathways tended to treat the same diseases. These results can provide a valuable reference for identifying drug
candidates and targets in molecularly targeted therapy.

1. Introduction
Recently, with the development of molecular biology techniques, molecularly targeted therapy has been applied in clinical practice [1, 2]. In cancer research, molecularly targeted
therapy aims to identify the agent for a known therapeutic
target. The agent can modify the expression or activity of the
target during the growth and progression of the cancer [3].
Unfortunately, the set of drug candidates must be determined
by rigorous and repeated experiments [4], a process that is
beset with difficulties and is usually time consuming.
Small molecules act by simultaneously participating in
multiple biological processes and triggering a variety of
changes that lead to diverse reactions. A phenotype is always
caused by a series of complex molecular reactions. A pathway
embodies complex interactions between small molecules and
macromolecules, and most pathways are interrelated [5, 6].
Thus, it is of great biological importance to detect the links
between small molecules and their target pathways and to
perceive the intervention effects of small molecules on disease
through these pathways [7]. In addition, the concept of biochemical pathways aids in understanding the mechanisms of

cancer [8]. Considering a pathway as a functional unit facilitates the unravelling of the mode of action for small molecules
[9]. A number of studies have reported drug targeted pathway that was the effective therapeutic approach in treating
cancer [10–15]. For example, a hedgehog pathway inhibitor,
vismodegib, has recently been approved by the US FDA for
the treatment of skin cancer, while several drug candidates for
the Wnt pathway are entering clinical trials [12]. Azole drugs,
which are commonly used in infection treatment, play a part
in azole therapy by targeting the sterol biosynthetic pathway
[11]. The findings of Chian and his colleagues demonstrated
that luteolin inhibits the NRF2 pathway in vivo and can
serve as an adjuvant in the chemotherapy of NSCLC [10].
Collins and Workman reported that there were several kinds
of potential drug targets: oncogene products downstream,
proteins in a key pathway and oncogenic support processes
[16]. Disease-related pathways that are affected by the intervention of small molecules are more likely to include target
genes [17]. Therefore, employing computational methods to
explore the links between small molecules and pathways
provides a new perspective for molecularly targeted therapy.
With the ongoing research into genome, proteome, and

2
transcriptome, various databases for small molecules and
pathways emerge one after another, such as Connectivity Map
[18, 19], DrugBank [20, 21], CTD [22], KEGG [23], and the
NCBI PubChem [24]. These databases provide abundant data
resources for high-throughput analysis, and this availability
allows the creation of a computational method to construct
the links between small molecules and their target pathways,
which can provide complementary and supporting evidence
to experimental studies.
Based upon the above considerations, we have proposed
a novel method to detect the links between small molecules
and pathways. First, differentially expressed genes related to
diseases were identified and enriched into KEGG pathways.
Next, molecules that target each pathway were identified
by Connectivity Map. We further constructed a link map
between the molecules and their target pathways and analyzed the topological features of the link map. Moreover, by
applying this method to a chosen set of data, we identified
three link patterns. We also found that if molecules significantly targeted the same pathways, then they tended to treat
the same disease. Besides, we provide potential candidate for
drug experiment by mining and predicting medicinal small
molecules and their target pathway in in silico method. This
application may provide valuable information to molecularly
targeted therapy from a pathway-based perspective.

2. Materials and Methods
2.1. Data Sources. The microarray data were downloaded
from Gene Expression Omnibus (http://www.ncbi.nlm.nih.
gov/geo/, accession number GSE5364). In this study, we used
three datasets including both tumour tissues and adjacent
normal tissues (tissue type/tumour/normal: breast/183/13,
liver/9/8, and lung/18/12). In addition, another dataset
was added into each type of cancer to establish link
map as well as to predict target relationship. The data
included both tumour tissues and adjacent normal tissues
(tissue type/tumour/normal: breast (GSE15852)/43/43, liver
(GSE9166)/15/18, and lung (GSE7670)/27/27).
Connectivity Map (http://www.connectivitymap.org/
cmap/) consisted of more than 7,000 gene expression profiles
treated with 1,309 small molecules. These expression profiles
represented about 6,000 instances, each of which comprised
a treatment and vehicle pair. By comparing the expression
pattern similarity of the input genes and the genes perturbed
in Connectivity Map instances, a list of molecules related to
the input genes would be identified.
2.2. Screening of Differentially Expressed Genes. For each
dataset, probes corresponding to more than one gene were
discarded. Log2 transformation of the expression value was
performed for each probe, and the data was normalized by
the quantile normalization method. Up- and downregulated
probes were determined according to their fold difference
[25]. All probes were then mapped to Entrez gene IDs using
mean values. Differentially expressed genes were screened by
significance analysis of microarrays (SAM) [26] with FDR =
0.001.
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2.3. Detection of Significant Links between Small Molecules and
Pathways. The differentially expressed genes from GSE5364
were annotated into KEGG pathways using WebGestalt [27]
(http://bioinfo.vanderbilt.edu/webgestalt/). When it came to
data used to predict target relationship, we manipulated
DAVID to annotate pathways and carried out corresponding
enrichment analysis. Then, statistically enriched pathways,
which are potentially relevant to diseases, were obtained
using hypergeometric test (𝑃 ≤ 0.05). Differentially
expressed genes were partitioned into enriched KEGG pathways. For each pathway, up- and downregulated probes corresponding to differential genes were input into Connectivity
Map. The small molecules that were significantly related to
a certain pathway were identified according to 𝑃 value from
the permuted results given by Connectivity Map. In this way,
small molecules for all the enriched pathways could be found.
Thus, we could construct an adjacency matrix between the
small molecules and the pathways. The elements of the matrix
were set to one when 𝑃 ≤ 0.01; otherwise, they would be set
to zero. Suppose the adjacency matrix was 𝐴. When 𝐴 𝑖𝑗 =
1, then that small molecule 𝑖 significantly targets pathway
𝑗. A bipartite M-P network of molecules and pathways can
be constructed based on the adjacency matrix. The nodes
of the M-P network were small molecules and pathways,
respectively. A link was placed between a molecule and a
pathway if the molecule significantly targets the pathway. The
M-P network was also called the M-P link map. Figure 1
shows the process of constructing the M-P link map.
2.4. Detect the Links Where a Single Molecule Robustly
Targets a Single Pathway from the M-P Link Map. Two types
of unipartite links were derived from the M-P link map:
molecule-molecule links and pathway-pathway links. Such
a relationship between two molecules will exist if the two
molecules significantly target the same pathways, and such
a relationship between two pathways will exist if the two
pathways were significantly targeted by the same molecules.
The two unipartite links were inferred by the cumulative
hypergeometric distribution [28]. The details were as follows.
We suppose that two different molecules target 𝑛1 and
𝑛2 pathways. The size of the intersection and the union of
their target pathways were share and 𝑛, respectively. Then,
the significance level of the two molecules targeting the same
pathways was calculated as follows:
share−1

𝑃 = 1 − ∑ 𝑝𝑖 ,

(1)

𝑖=0

where
𝑛−𝑛

𝑝𝑖 =

( 𝑛𝑖2 ) ( 𝑛1 −𝑖2 )
( 𝑛𝑛1 )

,

𝑖 = 0, 1, 2, . . . share − 1.

(2)

Similarly, the significance level of two pathways targeted
by the same molecules could be calculated. We further
extracted the links where a single molecule robustly targets a single pathway from the original M-P link map
using molecule-molecule links and pathway-pathway links.
Robust links between molecules and pathways were defined
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Figure 1: Flow chart for the construction of a link map between molecules and their target pathways. First, the gene expression profiles for
each cancer were obtained from both tumours and adjacent normal tissues and differentially expressed genes were screened. Second, enriched
pathways were obtained by enriching differentially expressed genes into KEGG pathways. Third, differential genes in each enriched pathway
were input into Connectivity Map to identify the small molecules related to each pathway. Finally, link map between small molecules and
pathways (the M-P link map) was constructed based on the significance level of their association. In the background grid, the corresponding
cell is coloured grey if small molecules significantly link to the pathway in the M-P link map, while the cell was white if such links did not
exist. The front network was a visualisation of the background grid in which each pathway node was represented by a green rectangle, while
each molecule node was represented by a red circle. The node size increased with the number of first-order neighbours in the link map.

as follows: small molecule A and some other molecules
significantly target pathway B; at the same time, pathway
B and some other pathways were significantly targeted by
molecule A.

3. Results
3.1. The Topological Characteristics of the M-P Link Map. We
proposed a method to construct a link map between small
molecules and pathways (M-P link map), as described in
Section 2. The method was applied to analyze breast cancer,
liver cancer, and lung cancer, as described in the Materials
and Methods. M-P link maps for these three cancers from
GSE5364 were constructed. The M-P link map for breast
cancer and its degree distribution are shown in Figure 2.
The heatmap for M-P link map of breast cancer is shown
in Figure 4(a). The M-P link maps and degree distributions
for liver and lung cancers are shown in Figures S1 and S2,
respectively (see Figures S1 and S2 in Supplementary Material available online at http://dx.doi.org/10.1155/2014/931825).
Their corresponding heatmaps are shown in Figures S3(a)
and S4(a).
For the M-P link map in Figure 2, the degree of molecules
followed a power law distribution. Relatively few molecules
were of high degree, targeting multiple pathways. Instead, the
majority of small molecules were of low degrees because they
target few pathways. Of the 571 small molecules in the M-P
link map for breast cancer, eight (1.4%) molecules had degrees
larger than ten, while 300 (52.5%) molecules have degree one,
meaning that each molecule in the latter category links to only
one pathway. Of the 263 small molecules in the M-P link map
for liver cancer, only one (0.38%) molecule had the highest

degree eight, and 183 (69.6%) molecules had degree one. Of
the 276 small molecules in the M-P link map for lung cancer,
only one (0.36%) molecule had degree eight, and 196 (71.0%)
molecules had degree one.
The degree of the pathways did not show a similar distribution to the degree distribution for small molecules. There
were no significant differences in the number of pathways
over various degrees. The average degree of the pathways was
higher than that of the small molecules. Additionally, the
degrees of the pathways were all larger than one. This result
indicated that one pathway might not be specifically targeted
by one small molecule and was consistent with the biological
fact that one pathway might be targeted by distinct small
molecules through different genes in the pathway. Figure 3
depicts an instance of gap junction, which turned out to
be target pathways of amiodarone, L-DOPA, and lisuride.
By directly interfering ADRB1, DRD1, DRD2, and HTR2 of
the pathway, amiodarone, L-DOPA, and lisuride established
target relationships with gap junction pathway. Here, gap
junction partially manifests the target protein-related section
rather than the whole pathway.

3.2. The Link Patterns in the M-P Link Map. Based on the
M-P link map, there are several link patterns that help
reveal the intervention features of molecules on their target
pathways. The first pattern is that a single molecule targets
multiple pathways (sM-mP). Molecules from this pattern
can intervene in multiple pathways. Most tumours involve
the regulation of multiple genes and processes. There are
usually many potential targets in these tumours [29]. All
cell signal transductions cannot be blocked by inhibiting a
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Figure 2: Visualisation of the M-P link map for breast cancer and its degree distribution. (a) The red circles and green rectangles correspond
to the small molecules and pathways, respectively. Node size is proportional to the degree of the node. (b) The degree distribution of small
molecules and pathways.
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single receptor or target. Therefore, molecules with the sMmP pattern may be considered as antineoplastic candidates,
but they may cause many side effects. For breast cancer
from GSE5364, we found that molecules with the sM-mP
pattern, which had a high degree, could be used for cancer
treatment. Table 1 provides detailed descriptions for eight
small molecules with degrees not less than ten. Among these
molecules, LY-294002 is a potent PI3K inhibitor. PI3K is
related to human tumourigenesis, including breast cancer
[30]. Vorinostat has also been shown to correlate with
breast neoplasm. Tanespimycin, monorden, alvespimycin,
and monensin are directly related to the occurrence of
cancer. For example, vorinostat targets 12 pathways, which
are marked with a green box at the left in Figure 4(a). The
descriptions of high degree small molecules of the other two
sets of data can be found in Tables S1 and S2.
The second link pattern is where a single molecule targets
a single pathway robustly (sM-sP), which can be extracted
from the original M-P link map using molecule-molecule
links and pathway-pathway links (as described in Section 2).
Disease-specific links may be identified in sM-sP links. In
the case of breast cancer from GSE5364, the link between
LY294002 and the VEGF signaling pathway belongs to the
sM-sP pattern. Figure 4(b) shows the possible mechanism
through which LY294002 intervenes in the VEGF signalling
pathway. LY-294002 is a potent PI3K inhibitor. PI3K, a
target gene of LY294002, is involved in the VEGF signaling
pathway [31]. The VEGF signaling pathway is closely related
to angiogenesis, and PI3K is a key regulator of this biological
process. PI3K is related to human tumourigenesis, including

breast cancer, lung cancer, melanoma, and lymphoma. LY294002 may first target PI3K, which is located at the upstream
of the VEGF signaling pathway, thereby leading to the differential expression of downstream genes. Another example
of an sM-sP link is between isoniazid and the glutathione
metabolism pathway in the link map for liver cancer from
GSE5364 (Figure S3(b)). Isoniazid is an antibacterial agent
used primarily as a tuberculostatic. It remains a preferred
choice for the treatment of tuberculosis. ABAT, a target of
isoniazid, is involved in glutamate metabolism. According to
KEGG pathway, glutamate metabolism is part of glutathione
metabolism. A third example of an sM-sP link is between
alsterpaullone and the insulin signaling pathway in the
link map for lung cancer from GSE5364 (Figure S4(b)).
Alsterpaullone is usually involved in protein kinase activity
[32]. GSK3B, which is one of its target genes, can inhibit
tumourigenesis and tumour diffusion. The GSK3B enzyme
also plays crucial roles in various tumours, including breast,
colon, kidney, and stomach cancers. It has been examined
as a potential target in cancer therapy [33]. If the GSK3B
enzyme is inactivated, the risk of occurrence of liver cancer
will increase [34].
The third link pattern is where multiple molecules target
a single pathway (mM-sP). In this pattern, one pathway is
targeted by many molecules that do not link to any other
pathways. Molecules in this pattern have few side effects.
Therefore, these small molecules may be candidate adjuvant drugs for anticancer agents. Additionally, parts of the
molecules tend to have similar efficacy. For the first instance,
there are a total of 31 small molecules that target the Wnt
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Figure 4: Hierarchical clustering in the M-P link map for breast cancer from GSE5364. (a) Hierarchical clustering between 571 small
molecules and 47 metabolic pathways. The corresponding cells are coloured red, where small molecules link to the pathways in the M-P
link map. The labels for the corresponding pathways are shown on the right of the figure. (b) Zoomed-in plot of an sM-sP link between
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Table 1: The characteristics of molecules with the sM-mP pattern in breast cancer.
Small molecule
Tanespimycin
Monorden
Vorinostat
Adiphenine
LY-294002
Alvespimycin
Monensin
Biperiden

Degree in M-P link map
16
13
12
11
10
10
10
10

Description of the small molecule
Antineoplastic antibiotic, HSP90 inhibitor
HSP90 inhibitor, DNA topoisomerase VI inhibitor
Treats cutaneous T cell lymphoma and breast neoplasm
Antispasmodic agent
PI3 kinase inhibitor
Antineoplastic antibiotic, HSP90 inhibitor
Blocks intracellular protein transport and exhibits antibiotic and antimalarial efficacy
Unknown
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signaling pathway in breast cancer from GSE5364. There are
eight molecules with degree one, which are shaded light slate
blue in Figure 2(a). These eight molecules are stachydrine,
torasemide, quinethazone, hydralazine, imidurea, antimycin,
iopromide, and metformin. The first four are used to treat
hypertension and cardiovascular disease. Details of their
intervention with genes in the Wnt signaling pathway are
shown in Figure 4(c). We may identify target genes for these
molecules from differential genes in this pathway. The second
example is a set of 15 small molecules targeting only the
focal adhesion in liver cancer from GSE5364 (Figure S3(c)).
Orciprenaline, budesonide, and hydrocortisone are used to
treat asthma or asthma-related diseases. Trihexyphenidyl,
tiletamine, and thiocolchicoside have sedative and muscle
relaxant effects. The case is shaded light slate blue in Figure
S1(a). Another instance is the separate subnetwork shaded
by light slate blue in the M-P link map for lung cancer
from GSE5364 (Figure S4(c)). The central node is the cell
communication; this node is connected to 16 small molecules
with degree one, of which 14 have relatively clear efficiency.
Six molecules are mainly used as either antibacterial or antiinflammatory agents, and four molecules are used for the
treatment of psychoses. For the molecules in this link pattern,
we can explore drug substitution or efficacy prediction for
small molecules. Small molecules affecting the same gene
ontology (GO) modules could be considered for drug substitution or efficacy prediction [35].
3.3. Potential Cocurative Effects of Molecules That Significantly Target Same Pathways. For some diseases, single-agent
therapy may not be sufficiently effective [36]. To increase
the effectiveness of drugs, combination therapy was used to
enhance their efficacy by synergistic effect. Links between
small molecules are implied in the M-P link map. We can also
construct molecule-molecule links if two small molecules
are both used to treat the same disease. We call these small
molecule pairs cocurative molecule pairs. Small molecules
were input into CTD to query diseases related to them. We
calculate the overlap between cocurative molecule pairs and
molecule pairs targeting the same pathways. The proportions
of overlap in breast cancer, liver cancer, and lung cancer from
GSE5364 are 41.3%, 41.2%, and 22.7%, respectively. These
overlaps are statistically significant by Fisher’s exact test with
𝑃 < 0.001 [28]. The results showed that the small molecules
that significantly targeted the same pathways tended to treat
the same diseases. This conclusion has been mentioned in a
recent published work [37]. Such small molecule pairs may
be used as alternative medications or as a drug combination.
As our knowledge of small molecules accumulates, the
proportion of known pairs will increase. At the same time,
the efficacy of molecules can be predicted more easily if
the efficacies of corresponding molecules which target the
same pathways are known. However, when administered
together, antagonism between the cocurative drugs should be
considered to reduce adverse reactions.
3.4. Common Small Molecules and Pathways Shared by Three
Cancers. From the M-P link map, we found that there were

7
71 small molecules shared by three cancers from GSE5364.
All molecules with degrees of five or more from the three
cancers were included in this group. Of these 71 molecules,
58 were recorded in existing databases. Nine of these 58
molecules can be directly used as antitumour agents or
directly impact tumour-related proteins. They are trichostatin
A, geldanamycin, azacitidine, puromycin, streptozotocin,
vorinostat, genistein, camptothecin, and sulfadimethoxine.
The five common pathways are ECM-receptor interaction,
focal adhesion, insulin signalling, cell communication, and
Type II diabetes mellitus. The first three pathways are
related to cell differentiation, proliferation, and apoptosis.
Pathways appearing in only one cancer seldom show these
characteristics. In liver cancer, for example, the majority of
the pathways are involved in biological processes related
to the metabolic functions of the liver. For instance, glycerophospholipid metabolism and glycerolipid metabolism
are part of lipid metabolism, while fructose and mannose
metabolism and pyruvate metabolism belong to carbohydrate
metabolism, and glutathione metabolism metabolises abnormal amino acids. In particular, lipid metabolism and pyruvate
metabolism are closely related to liver cancer [38–40].
3.5. Analysis and Validation of Link Relationship. To validate
the link relationships between small molecules and pathways,
we developed the reliability analysis. We used three sets of
data from GEO, that is, GSE15852, GSE9166, and GSE7670,
respectively, to construct M-P link. As a consequence, we
obtained M-P links corresponding to six sets of data. Actually,
there were two sets of data in each type of cancer. Firstly,
for the links between 571 small molecules and 47 pathways
from our method for breast cancer dataset, we extracted
known targeted genes for each small molecule using DrugBank database and identified whether these targeted genes
were members of 47 pathways. If so, the predicted target
relationship can be validated. In the results, the relationships
of 15 small molecules targeting 25 pathways have been
identified. As a validated example, genistein was identified
by CTD database, which was an antineoplastic and antitumor
agent by targeting leukocyte transendothelial migration [41].
Furthermore, we added another breast cancer dataset to
confirm our analysis and then identified the relations of 10
small molecules targeting 13 pathways. Cheng et al. found
that quercetin induced tumor-selective apoptosis through
downregulation of valine, leucine, and isoleucine degradation
[42]. The overlap between two breast cancer datasets was
402 small molecules and showed high consistency. We also
furthered the validation analysis by comparing the relationship of small molecules targeting pathways to DrugBank
and CTD databases for liver and lung cancers and known
targeted therapy results were available in Table S3 [43–45].
The validation results were summarised in Figure 5.

4. Discussion and Conclusions
In this study, we constructed a link map between small
molecules and pathways with Connectivity Map database
and analysed the topological properties of this link map.
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Pathways were regarded as drug targets, and we studied
small molecules’ effects on disease from the perspective of
these pathways, which provides valuable information for
molecularly targeted therapy.
To detect pathways that were targeted by small
molecules, disease-related differentially expressed genes
are first enriched into pathways. In this way, differentially
expressed genes were divided into various subsets based
on KEGG pathways they participate in. Thus, it is possible
to detect potential candidate small molecules from the
perspective of the pathways that include differentially
expressed genes. Although there is low reproducibility of
differentially expressed genes between diverse data sources
for the same kind of diseases, the expression correlation
of those genes is high [46]. This result indicates that
separate experiments can identify different but functionally
correlated sets of differential genes. In the proposed method,
we selected one dataset for each cancer on the same platform.
Nevertheless, it is still possible to identify significant links
between small molecules and pathways. By comparing the
expression pattern similarity of the differentially expressed
genes enriched in a pathway and the genes perturbed in
Connectivity Map instances, molecules that intervene in the
pathway were identified. Then, we constructed the link map
between small molecules and all pathways. From the target
pathway of the molecules, we can further screen their target
genes.
The proposed approach established the mapping
between disease-related pathways and small molecules. After
analysing three cancer datasets from GSE5364, we were
able to describe specific characteristics of the link maps of
small molecules with high degrees in the sM-mP pattern
that were always used for cancer treatment. Most tumours
involve the regulation of multiple genes and processes,

and there are usually many potential targets for treating
tumours [29]. Thus, small molecules with high degrees
may be considered as antineoplastic candidates. For small
molecules in the mM-sP pattern, some of them are of similar
efficacy. This similarity facilitates the prediction of drug
efficacy and the identification of new efficacies for existing
drugs. In the established link map, the number of genes
shared by both pathways indeed plays part in impacting
the number of their cotargeted small molecules. In spite
of this, it is not the determining factor. By application of
KS-like test of Connectivity Map to evaluate the expression
deregulation caused by small molecules, the function of
genes that remarkably interfered with small molecules
became increasingly obvious. Even though the two pathways
might share the identical genes, their function can vary
from pathway to pathway, which would influence the
number of corresponding small molecules that had been
mined.
Although there are common molecules and pathways
for the three cancers, there is no identifiable overlap among
the M-P links in our datasets. This result is not surprising. In the process of pathway enrichment analysis for the
three datasets, diverse differentially expressed genes may be
enriched into different subpathways in the same pathway.
When the genes are input into Connectivity Map to detect
significant molecules, different genes in the same pathways
may link to distinct molecules. Thus, in different datasets, the
same pathway may be targeted by different molecules. Thus,
there may not be any overlap among the M-P links for the
three cancers.
Meanwhile, in order to validate the stability of the
results, we added another set of data in each type of cancer
to construct link maps. By comparing to the original data,
we found a good repeatability. The number of repeat small
molecules between two sets of breast cancer data is 402;
when it comes to lung cancer and liver cancer, the numbers
are 218 and 276, respectively. Axon guidance, which proved
to be small molecules of tumor treatment in the previous
analysis, was found in both sets of lung cancer data. In breast
cancer data, we had found the meticrane targeting PPAR
signaling pathway that had been reported before. Meanwhile,
we found the known clomipramine targeting metabolism
of xenobiotics by cytochrome P450 pathway in liver
cancer.
In the future, we can expand the candidate target pathways affected by small molecules through the integration of
multiple cancer datasets. As the information on pathways and
small molecules accumulates, more comprehensive results
will be obtained. In our future work, we will expand the
types of cancer and provide creative thinking for molecularly
targeted therapy from the perspective of systematic biology.
We will focus our creative thinking on further researching
mechanisms of drug functions of validated small molecules
and make a contribution to the development of clinical
anticancer drugs. Besides, we are taking other types of targets
of small molecules, namely, miRNA, to specify the target
relationships between small molecules and pathways. We will
explore the molecule-impacted target pathway from different
perspectives.
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In contrast to S. cerevisiae and C. elegans, analyses based on the current knockout (KO) mouse phenotypes led to the conclusion
that duplicate genes had almost no role in mouse genetic robustness. It has been suggested that the bias of mouse KO database
toward ancient duplicates may possibly cause this knockout duplicate puzzle, that is, a very similar proportion of essential genes
(𝑃𝐸 ) between duplicate genes and singletons. In this paper, we conducted an extensive and careful analysis for the mouse KO
phenotype data and corroborated a strong effect of duplicate genes on mouse genetics robustness. Moreover, the effect of duplicate
genes on mouse genetic robustness is duplication-age dependent, which holds after ruling out the potential confounding effect from
coding-sequence conservation, protein-protein connectivity, functional bias, or the bias of duplicates generated by whole genome
duplication (WGD). Our findings suggest that two factors, the sampling bias toward ancient duplicates and very ancient duplicates
with a proportion of essential genes higher than that of singletons, have caused the mouse knockout duplicate puzzle; meanwhile,
the effect of genetic buffering may be correlated with sequence conservation as well as protein-protein interactivity.

1. Introduction
Functional compensation of duplicate (paralogous) genes has
been thought to play an important role in genetic robustness
[1–7]. Indeed, existence of a close paralog in the same genome
could result in null mutations of the gene with little effect
on the organismal fitness (nonessential gene), as observed
in both yeast and nematode [1–4]. However, the role and
magnitude of the duplicate genes contributing to genetic
robustness in mammals remain controversial [8–13]. Two
studies on mouse knockout phenotypes [9, 10] observed that
the proportion of essential genes (𝑃𝐸 ) is similar between
duplicate genes and singletons in mouse, sharply contrasted
to those well-known findings that removing a duplicate gene
usually generates less deleterious phenotypes than removing
a single-copy gene [1–4]. On the other hand, Hsiao and
Vitkup [8] suggested an important role in robustness against
deleterious mutations of duplicate genes in human [8].
We call this controversy the knockout duplicate puzzle in
mammals. Since knockout mice have been widely used as

animal models for human diseases, resolving this issue may
have a significant impact on biomedical sciences.
In summary, there are three alternative hypotheses proposed.
(i) The Duplicability Hypothesis. By combining the proteinprotein interaction data into the analysis, Liang and Li [9]
found that mouse duplicate genes tend to have much higher
protein connectivity than those for singletons. Since high
connectivity means high functional centrality in the gene
network, they proposed that mouse duplicates probably are
more important than singletons and that this factor could
compromise the contribution of duplicate compensation. In
other words, functionally important genes may have more
chance to be duplicated. It remains unexplained why more
important mouse genes tend to be duplicated, while yeast
genes may have the opposite trend [14].
(ii) The No-Role Hypothesis. In contrast, Liao and Zhang [10]
argued that the compensational role of duplicates in mouse
genetic robustness is negligible. After examining a number of
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genomic factors, they discussed several possibilities that may
result in similar proportion of essential genes between singletons and duplicates. It implies that most recently duplicated
mouse genes, for example, 26 rodent-specific prolactin-like
proteins [15], may have lost functional compensations to each
other. This prediction seems to be counterintuitive and does
not receive much experimental evidence for supporting.
(iii) Age-Distribution Hypothesis. Su and Gu [11] have noticed
the effect of sampling bias: recently duplicated genes, for
example, after the mammalian radiation, are severely underrepresented in the current mouse KO database. Because most
of the mouse gene knockouts were generated by individual
laboratories for finding knockout phenotypes, recently duplicated genes may have been purposely avoided to minimize
the experimental cost due to negative-phenotype results. In
other words, the age distribution of duplicates in the data
sample is upwardly biased, resulting in underestimation of
the overall duplicate effect on the genetic robustness.
(iv) The Functional Importance Hypothesis. Makino et al.
(2009) reported that there is a strong sampling bias towards
the duplicated genes generated by whole genome duplication
(WGD) in current mouse KO phenotype dataset [12].
Since most of the mouse WGD duplicates are ancient
duplicate genes, their conclusion that the mouse knockout
duplicate puzzle may be caused by sampling bias of WGD
duplicate genes is consistent with age-distribution hypothesis. Previous studies [16–18] have shown that mammalian
duplicate genes can be characterized as two waves (WaveI for young duplicates and Wave-II for those duplicated
around the origin of vertebrates) and the ancient component
(prior to the split of vertebrates and Drosophila). We [11]
observed that the mouse (Wave-I) young duplicates were
indeed severely underrepresented, and, for duplicates in the
knockout experiments, their characteristic age (duplication
time) could be as ancient as that of Wave-II (early vertebrates)
or even more ancient. Obviously, very ancient duplicates
certainly have little effect on the genetic robustness. However,
due to the space limit, in the short communication we only
had a brief discussion about the other two hypotheses. In
this paper, we conducted an extensive and careful analysis for
the updated mouse gene deletion phenotype data to evaluate
the relative merit between the duplicability hypothesis, the
no-role hypothesis, and the age-distribution of duplicates
hypothesis.
In this paper, we use an updated mouse KO dataset to
carry out an extensive analysis. To facilitate the study, we proposed an empirical evolutionary model of gene essentiality—
the A&B model (Age of duplication and genetic Buffering)—
to explain knockout duplicate puzzle. Our results suggest
that duplication age and genetic buffering determine the
essentiality of mouse duplicates.

2. Results
2.1. Similar 𝑃𝐸 between Singletons and Duplicates Caused by
Strong Bias in Mouse KO Genes toward Ancient Duplicates.
Of the 4123 mouse genes with available phenotypic data, 1921
were identified as essential genes. Meanwhile, we identified
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2479 duplicate genes and 464 singleton genes and calculated
proportions of essential genes (𝑃𝐸 ), respectively. Consistent
with previous studies [9–12], the updated mouse KO dataset
shows no statistical difference of 𝑃𝐸 between singletons and
duplicates (44.8% versus 46.3%; 𝑃 = 0.56). That is, proportions of essential genes in mouse singletons and duplicates are
similar, in contrast to the well-known observations in other
model organisms [1, 3]. Based on a more broad definition
of gene essentiality (Materials and Methods), that is, genes
with premature death or induced morbidity phenotype were
considered as essential genes, we found the same pattern
(data not shown).
Though it is highly suspected that recently duplicated
genes may have been underrepresented in the mouse KO
database, detection of such bias at the genome level has been
shown to be nontrivial [9–11], and Su and Gu [11] proposed a
practically feasible solution: estimate the age of duplication
event from the assumption of molecular clock. Since time
estimation is well known to be error prone and based on a
number of assumptions [19, 20], we have to develop a robust
analytical pipeline to minimize the potential errors (see
Materials and Methods). As shown in Figure 1, the histogram
of mouse duplication events, short for the genome set, has
recaptured the unique evolutionary feature of vertebrate gene
families [16]. That is, it shows a pattern characterized by two
waves (I, II) and an ancient (III) component [21, 22].
In the same manner, we estimated the duplication times
between 2260 mouse knockout genes and their closest
paralogs and found that the age distribution of duplicate
pairs differs significantly between the genome set and the
knockout set (P < 10−16 , 𝜒2 -test). The histograms in Figure 1
clearly show that mouse KO experiments have been designed
to avoid recently duplicated genes, for example, only 1.4%
for those duplicated within 100 mya (around or after the
mammalian radiation) in the KO set, compared to 19.6% in
the mouse genome set. Consequently, the ages of duplicate
genes in the mouse knockout dataset are typically around 500
to 700 mya (in early vertebrates), with a long-tail toward even
more ancient ones (>1000 mya). In other words, the sampling
bias toward ancient duplicates in the currently available
mouse KO target genes has been nontrivial. These ancient
duplicates may have undergone substantial functional divergence so that they have lost the capacity of functional
compensation. In contrast, recent gene duplications, those
duplicated around the mammalian radiation or in the rodent
lineage, are expected to have significant contributions to
the gene robustness in the current mouse genome. While
these young duplicates were considerably underrepresented
in the mouse knockout dataset, the observed proportion of
essential duplicate genes is upwardly biased close to the value
of singletons.
2.2. The Duplication-Age and Buffering Model (Age-Buffering
Model) of Gene Essentiality. Since initially duplicated genes
were completely compensated, the loss process of duplicate
compensation is apparently time dependent, during which
the outcome can be influenced by many gene-specific factors.
To have a complete understanding of gene essentiality in
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𝑃𝐸 = (1 − 𝑔) [1 − (1 − 𝜌) 𝑒−2𝜆𝑡 ] ,

(2)

where the parameter 𝜌 > 0 indicates the process of rapid
essentiality in the early stage after gene duplication. Because
the number of mouse KO genes is small for very young
duplicates, a further investigation requires when the data are
available.
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Figure 1: Duplication age distribution of mouse genome set (blue
bars) and knockout gene set (green). The x-axis indicates the
duplication age (t) between a duplicated gene and its closest
paralog. The y-axis indicates the frequency of the duplicates in each
duplication age category.
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Under this model, the negligible role hypothesis [10]
actually claimed a very high loss rate (𝜆) of functional
compensation such that 𝑃𝐸 ≈ 𝑃𝐸∗ in the current mouse
genome. On the other hand, the duplicability model [9]
assumes that the effect of genetic buffering (𝑔) of duplicates
is lower than that of singletons denoted by 𝑔∗ , that is,
𝑔 < 𝑔∗ , such that (1 − 𝑔)(1 − 𝑒−𝜆𝑡 ) ≈ 1 − 𝑔∗ holds.
In fact, (1) suggests that three parameters, t (duplication
age), 𝑔 (genetic buffering), and 𝜆 (loss rate of functional
compensation), together determine the gene essentiality of
mouse duplicates. Particularly, we have two claims: (i) the
proportion of essential genes in mouse duplicates (𝑃𝐸 ) is
age dependent on gene duplications; (ii) gene essentiality
correlates to sequence conservation or protein connectivity
in either duplicates or singletons largely because these two
factors affect the efficiency of genetic buffering (𝑔), rather
than the functional compensation between duplicates. Our
preliminary analysis [11] has shown the first claim. In the
following we provide a detailed analysis to address some
technical issues and doubts.
Our models suggested that, for sufficient time, 𝑃𝐸
approaches to a level that is roughly equal to 𝑃𝐸 of singleton.
However, it does not mean that all these ancient duplicates
are subject to the genetic buffering. A likely situation is that
genetic buffering and duplication coevolve. In other words,
the reason why some duplicates can remain dispensable for
a long time is because they were integrated into existing or
novel genetic buffering mechanisms.
Chen et al. (2010) found that in Drosophila new genes
could become essential rapidly after the gene duplications
[23]. This mechanism is also likely to exist in mammals. To
take this factor into account, we modify (1) as follows:
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duplicates and singletons, an evolutionary model is needed.
We formulate a simple A&B model as follows, short for
Age of duplication and genetic Buffering. Without genetic
buffering, we assume that the probability of a duplicate
remains nonessential, that is, functionally compensated by
another duplicate copy in the same genome, and decayed
exponentially with the time t (the age of gene duplication),
that is, 𝑒−𝜆𝑡 , where 𝜆 is the loss rate of duplicate compensation
by mutations. Next, let 𝑔 be the probability that a gene is
genetically buffered. Together, the A&B model demonstrates
that a gene to be essential depends on two mechanisms: the
effect of genetic buffering (𝑔) and the age-dependent effect of
duplication compensation (𝑒−𝜆𝑡 ). Obviously, the probability
of a duplicate gene being essential is the probability for both
mechanisms failure, that is,

Duplication age (mya)
Mammal-zebrafish
Mammal-bird

Primate-rodent

Figure 2: Relationship between 𝑃𝐸 in duplicate genes and the
duplication age. Error bars show one standard error. The dashed line
indicates the 𝑃𝐸 level of single-copy genes.

2.3. Proportions of Essential Genes (𝑃𝐸 ) in Mouse Duplicates
Are Age Dependent. A simple solution to correct this knockout sampling bias is to calculate 𝑃𝐸 under a given age bin.
We implemented several approaches to minimize the noise
effect in time estimation. First, we used three time calibration
points to date mouse duplication events: the mammalzebrafish split (430 mya), the mammal-bird split (310 mya),
and the primate-rodent split (80 mya), respectively, and calculated 𝑃𝐸 for every age bin of 100 million years. As shown in
Figure 2, in all cases we observed that 𝑃𝐸 increases from a low
value in young duplicates with the increasing of duplication
ages; this 𝑃𝐸 -age (𝑡) correlation is statistically significant
(P < 10−4 , 𝜒2 -test). To be concise, in the following of this
paper, we mainly present the results based on the mammalzebrafish split time calibration. Noticeably, we found that 𝑃𝐸
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in ancient duplicates, say, >700 mya, is unexpectedly higher
than that of singletons; P𝐸 = 0.542 ± 0.016, P < 0.001. Hence,
there are two reasons for why the overall 𝑃𝐸 in duplicates
has no difference from that of singletons: the sampling bias
toward ancient duplicates and very ancient duplicates with a
higher 𝑃𝐸 than that of singletons. In addition, we conducted
simulations to examine the effect of violation of molecular
clock (constant evolutionary rate) on the estimation of 𝑃𝐸 .
Our results showed that the age dependency of 𝑃𝐸 can be
weakened or even vanished by the violation of molecular
clock. In other words, our conclusion of 𝑃𝐸 -age correlation
seems to be conserved (not shown). Finally, we inferred
the phylogenetic locations of mouse KO duplication events
in three intervals: after the mammal-zebrafish split, after
the mammal-bird split, and after the primate-rodent split.
In each interval we calculated 𝑃𝐸 , which is compatible to
the proportion of essential genes, with respect to the three
major speciation events in vertebrates: 𝑃𝐸 is ∼23% for those
duplicated after the mammalian radiation, ∼31% for those
duplicated after the bird-mammal split, and close to ∼39% for
those duplicated after the teleost-tetrapod split. Although a
decreasing 𝑃𝐸 in younger duplicates is biologically intuitive,
it is subject to the statistical uncertainty due to small sample
size. Nevertheless, under a more broad age category, such as
before the split of land animals and fishes versus the more
ancient duplicates, the difference is statistically significant
(P < 0.01).
In a separate study, we developed a simple bias-correcting
procedure to obtain a bias-corrected 𝑃𝐸 and test whether
it is significantly lower than in singletons. We predicted
that 𝑃𝐸 = 41.7% for all duplicate genes, which are impressive
compared to 𝑃𝐸 = 46.3% observed in sample duplicates and
𝑃𝐸 = 47% in sample singletons [11]. However, in this study,
when we used a more stringent criterion to define singlecopy genes, we found that there is no statistical significant
difference between the predicted 𝑃𝐸 and 𝑃𝐸 of single-copy
genes (41.7% versus 44.8%, 𝑃 = 0.21). We want to emphasize
that, even after taking this bias into consideration, the
difference between 𝑃𝐸 for singletons and 𝑃𝐸 for duplicates
at the genome level is still small. This may be because the
contribution of functional compensation by young duplicates
cancels the contribution of higher intrinsic importance of
ancient duplicate, which is consistent with the duplicability
hypothesis [9].
2.4. Age Dependence of 𝑃𝐸 in Mouse Duplicates and Sequence
Conservation. Though a simple interpretation for the 𝑃𝐸 -t
correlation is that the capability of duplicate compensation
decays with the evolutionary time since the duplication [11],
some other alternatives cannot be ruled out, which were
based on the correlation of gene essentiality with, for instance,
sequence conservation or protein connectivity [9, 10, 24]. We
have addressed these issues carefully.
To measure the sequence conservation, we used the
conventional ratio of the number of nonsynonymous substitutions per site (𝑑𝑁) to the number of synonymous substitutions per site (𝑑𝑆 ), which was estimated from the mouse
gene and its human ortholog (see Materials and Methods). A
low 𝑑𝑁/𝑑𝑆 ratio indicates high sequence conservation of the
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gene. Consistent with previous studies [10, 25], we showed
that essential mouse genes tend to be more conserved: 𝑃𝐸
decreases with the increase of 𝑑𝑁/𝑑𝑆 for both duplicates
(Spearman rank 𝜌 = −0.23, 𝑃 < 10−15 ) and singletons (𝜌 =
−0.18, 𝑃 < 10−15 ; see Figure 3(a) for binned results). After
calculating the mean 𝑑𝑁/𝑑𝑆 ratio for each age bin of mouse
duplicates, we unexpectedly found that sequence conservation is actually positively correlated with the duplication age
(t) (Figure 3(b), 𝑃 < 10−10 ). This unexpected inverse age𝑑𝑁/𝑑𝑆 relationship raises the possibility that the observed
𝑃𝐸 -t (age) correlation could be confounded by the𝑃𝐸 -𝑑𝑁/𝑑𝑆
correlation conjugated with the age-𝑑𝑁/𝑑𝑆 correlation.
We first claim that the 𝑃𝐸 -𝑑𝑁/𝑑𝑆 correlation is the
consequence of the inverse relationship between the genetic
buffering (𝑔) and the sequence conservation (𝑑𝑁/𝑑𝑆 ). Hence,
the inverse age-𝑑𝑁/𝑑𝑆 relationship in mouse duplicates suggests less effect of genetic buffering in ancient duplicates than
that in recent duplicates, implying that the genetic buffering
of duplicates 𝑔 could be age dependent. One possible evolutionary mechanism for the age-𝑔 inverse relationship could
be the neofunctionalization in the late stage after the gene
duplication so the preexisting (ancestral) genetic buffering
systems did not work for the newly acquired functions.
Suppose that the effects of genetic buffering (𝑔) are
similar between singletons and duplicates, as long as they
have a similar 𝑑𝑁/𝑑𝑆 ratio; we designed a simple procedure
as follows to take the effect of sequence conservation into
account. That is, for each age bin (t) of duplicates, the
buffering effect (1 − 𝑔) was estimated from the 𝑃𝐸 of the
singleton mouse KO genes, corrected by the linear regression
with the 𝑑𝑁/𝑑𝑆 ratio, and denoted by 𝑃𝐸∗ (𝑡) (Figure 3(a)).
To be clear, we used 𝑃𝐸-dup (𝑡) for the age-bin (t) of mouse
duplicates. Figure 3(c) plotted both 𝑃𝐸-dup (𝑡) and 𝑃𝐸∗ (𝑡) against
age bins of duplicates. As expected, 𝑃𝐸∗ (𝑡) increases with the
duplication age t, but much slower than 𝑃𝐸-dup (𝑡), indicating
that the 𝑃𝐸 -𝑑𝑁/𝑑𝑆 correlation can only explain a small portion
of the 𝑃𝐸 -age correlation in duplicates. According to (1), the
relative essentiality in duplicates, 𝑃𝐸-dup (𝑡)/𝑃𝐸∗ (𝑡), is given by
𝑃𝐸-dup (𝑡)
𝑃𝐸∗ (𝑡)

= 1 − 𝑒−𝜆𝑡 ,

(3)

which measures the pure duplication effect on gene essentiality and does not depend on the sequence conservation.
Indeed, we found a significantly positive correlation between
the ratio 𝑃𝐸-dup (𝑡)/𝑃𝐸∗ (𝑡) and the duplication age (P < 0.001;
Figure 3(d)). We repeated our analysis using 𝑑𝑁/𝑑𝑆 ratio of
mouse-rat orthologous gene pairs and obtained a virtually
same result (Figure S1; see Figure S1 in Supplementary Material available online at http://dx.doi.org/10.1155/2014/758672).
We therefore conclude that the proportion of essential genes
(𝑃𝐸 ) of mouse duplicates is age dependent, even after correcting the potential confounding effect from the essentialityconservation dependence.
2.5. Age Dependence of 𝑃𝐸 in Mouse Duplicates and Protein
Connectivity. The proportion of essential genes is positively
correlated with protein connectivity in mouse [9]. In our
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Figure 3: The effect of sequence conservation on the relationship between 𝑃𝐸 and duplication age. (a) Relationship between 𝑃𝐸 in duplicate
genes (blue) or singletons (purple) and the evolutionary conservation of the gene, measured by the ratio of the nonsynonymous (𝑑𝑁 ) to
synonymous (𝑑𝑆 ) nucleotide distances between the target gene and its human ortholog. Linear regression line and regression equation between
𝑑𝑁 /𝑑𝑆 ratio and 𝑃𝐸 in knockout single-copy genes are presented on the panel. (b) Mean 𝑑𝑁 /𝑑𝑆 ratio for each age bin of duplicates. Dashed line
denotes the mean 𝑑𝑁 /𝑑𝑆 ratio of singleton mouse knockout genes. (c) 𝑃𝐸 in each age bin of duplicates—𝑃𝐸 (dup, t)—and that of singletons
with the same 𝑑𝑁 /𝑑𝑆 ratio—𝑃𝐸∗ (𝑡). 𝑃𝐸∗ (𝑡) is calculated based on the mean 𝑑𝑁 /𝑑𝑆 ratio for duplicates in each age bin (panel b) and the linear
regression equation (panel a). (d) Ratio of 𝑃𝐸 (dup, t) and 𝑃𝐸∗ (𝑡) in each age bin of duplicates. Error bars show one standard error.

updated mouse KO dataset, we compiled 211 singleton mouse
KO targeted genes with available protein connectivity data, as
well as 845 mouse KO duplicates [26]. Consistent with [9], we
confirmed a weak but significant positive correlation between
protein connectivity and 𝑃𝐸 in both duplicates (Spearman
rank 𝜌 = 0.11, 𝑃 = 0.001) and singletons (𝜌 = 0.11, 𝑃 =
0.003; see Figure 4(a) for binned results). Similar to the effect
of sequence conservation, the A&B model interprets this
finding as genes with high connectivity may have low genetic
buffering. Due to the small sample size, we further group
the 845 genes into seven age groups. We then calculated the
mean of protein interaction number for duplicated genes in
each age bin and found no correlation of the mean protein
connectivity with the duplication age (t) (Spearman rank 𝜌 =
0.04, 𝑃 = 0.19, Figure 4(b)).
We thus hypothesize that 𝑃𝐸 -connectivity and 𝑃𝐸 age correlations reflect two independent underlying

mechanisms. To further test this hypothesis, we divided
duplicate genes with interaction data into two groups, those
with high connectivity (larger than the median interaction,
i.e., >2 interactions) and those with low connectivity
(otherwise). The proportion of essential genes in the highconnectivity group is apparently higher than that in the
low-connectivity group (𝑃 < 0.001). But, as shown in
Figure 4(c), the inverse relationship between 𝑃𝐸 and the age
of duplicates holds in both gene groups. We thus conclude
that age dependence of the proportion of essential genes (𝑃𝐸 )
in duplicates is unlikely to be confounded by the effect of
protein connectivity.
2.6. Age Dependence of 𝑃𝐸 Is Irrespective of Sampling Bias
toward Essential Genes, Developmental Genes, or WGD Duplicates. It was proposed that individual researchers might tend
to report a gene with a discernible phenotype in the KO
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Figure 4: The effect of protein connectivity on the relationship between 𝑃𝐸 and duplication age. (a) Relationship between 𝑃𝐸 in duplicate
genes (blue) or singletons (purple) and the protein connectivity of the gene. (b) Mean interaction number for each age bin of duplicates.
Dashed line denotes the mean interaction number of singleton mouse knockout genes. (c) Relationship between 𝑃𝐸 in duplicate genes and
the duplication age for high connectivity genes and low connectivity genes. Error bars show one standard error.

experiments [10, 12]. Therefore, reports of gene knockouts
with stronger phenotype (essential genes) are likely to be
dramatically overrepresented in the KO dataset. A previous
study found that the developmental genes and duplicated
genes generated by WGD tend to be more essential than
the nondevelopmental genes and small-scale duplication
(SSD) duplicated genes, respectively. Besides, the current
mouse KO dataset is biased toward developmental genes and
WGD duplicates. Therefore, it is suspected that the ancient
duplicates bias of KO duplicates and 𝑃𝐸 -t correlation might be
only a byproduct of the above factors. Here, we tested whether
the bias of ancient duplicates of KO dataset is a side effect of
the biased sampling of WGD genes or developmental genes
and whether age dependency of 𝑃𝐸 still holds after controlling
the influences of the above factors.

If the sampling bias towards the ancient duplicates is
just caused by the preferential report of the essential genes
by individual mouse KO experiments, no age distribution
difference would be expected between KO nonessential
duplicates and the whole genome set. We then compared the
age distribution of nonessential KO duplicates with the whole
genome set. As shown in Figure 5, even after removing all
essential genes, the KO duplicates still show strong age bias
toward ancient duplicated genes. Therefore, we conclude that
the age bias of KO genes is not an artifact of sampling bias of
essential genes.
To test the influence of the sampling bias of developmental genes, we subdivided all the mouse genes with at least
one GO item as developmental genes and nondevelopmental
genes, based on the approaches of [12]. In the KO dataset,
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we found that the 𝑃𝐸 of developmental genes is significantly
higher than the 𝑃𝐸 of nondevelopmental genes (66.1% versus
34.8%, 𝑃 < 2.2𝑒 − 16, 𝜒2 test). For all of the duplicate
genes with at least one GO item in KO dataset, we found
36.8% of them belonging to developmental genes, which is
significantly larger than the proportion of developmental
genes in whole genome set (13.4%, 𝑃 < 2.2𝑒 − 16). The
similar bias also has been found in single-copy genes (28.9%
versus 8.3%, 𝑃 < 2.2𝑒 − 16). These findings indicate that
developmental genes were enriched in the mouse KO dataset
irrespective of single-copy genes or duplicated genes, which
is consistent with previous study [12]. If the sampling bias
of KO duplicates toward the ancient duplicated genes is only
caused by the bias of developmental genes, it is expected that
the age distribution of KO nondevelopmental duplicates will
be similar to that of whole genome set. However, for the nondevelopmental duplicates, we found that the age distribution
of duplicates differs significantly between the genome set and
KO set. That is, recently duplicated nondevelopmental genes
have been underrepresented in the mouse nondevelopmental
KO dataset (Figure 5). Since developmental genes are more
essential than other genes, it is reasonable to suspect that
the positive 𝑃𝐸 -t correlation might be simply because of
the trend that ancient duplicates have more developmental
genes. To address this issue, we calculated the 𝑃𝐸 -𝑡 correlation
for developmental and nondevelopmental genes, respectively.
We found that the 𝑃𝐸 -𝑡 correlation is statistically significant,
in both developmental genes (𝜌 = 0.1, 𝑃 = 0.002, Spearman
rank test) and nondevelopmental genes (𝜌 = 0.2, 𝑃 < 1𝑒 − 5).
The sampling bias of WGD duplicates also may confound our analysis. More and more evidences indicated that
there may have been two rounds of WGD that occurred
during the early stage of vertebrate evolution (500–700 mya),
and duplicate developmental genes created by WGD were
preferentially retained in vertebrate genome [12, 27]. We
tested if we rule out the influence of WGD duplicates the

A&B model still holds. Following the methods of [12], we
obtained a list of human duplicated genes created by WGD
inferred by [28]. We then inferred the mouse duplicated
genes generated by whole genome duplication through oneto-one orthology relationships with the human genes. We
identified 1237 mouse WGD duplicated genes and 1242 SSD
duplicated genes with phenotype data. We found that the
𝑃𝐸 of WGD duplicates is 51.1%, which is larger than the 𝑃𝐸
of singletons (44.7%, 𝑃 = 0.02). We then estimated the
duplication age between all SSD duplicated KO genes and
their closest paralogs and found that the age distribution of
SSD duplicates still differs significantly between the genome
set and SSD KO set (𝑃 < 1𝑒 − 16, 𝜒2 test). Figure 5 clearly
shows that, even after ruling out the WGD genes, the KO
duplicates dataset is still biased toward ancient duplicates.
We further calculated the P𝐸 for each bin of age (100 mya)
and observed that P𝐸 -𝑡 correlation holds for SSD KO genes
(𝜌 = 0.21, 𝑃 < 1𝑒 − 11).
2.7. What Determines Duplicate Compensation: Evolutionary
Time (Age) or Sequence Conservation? The protein sequence
divergence between duplicate genes, or the evolutionary
distance (d), was widely used as a proxy measure of the age
of duplicates. In our study we used the Poisson-corrected
method to estimate the protein sequence distance (d). Figure 6(a) shows no correlation between 𝑃𝐸 and d, as claimed
in [10]. A straightforward explanation is that the sequence
distance between duplicates (d) is determined by 𝑑 = 2V𝑡,
where V is the evolutionary rate of the protein sequence and
t is the age of duplicates. As shown in Figure 3(b), an ancient
duplicate gene (a large t) tends to be conserved (low v as
measured by low 𝑑𝑁/𝑑𝑆 ratio) so that the 𝑃𝐸 -𝑑 independence
could be the result of canceled 𝑃𝐸 -𝑡 and𝑃𝐸 -𝑑𝑁/𝑑𝑆 correlations.
Our conclusion that the 𝑃𝐸 -d relationship is not fundamental differs from Liao and Zhang [10]. Assuming that it
is the protein sequence similarity, not the age of gene duplication, which determines the likelihood of compensation
between duplicates, the authors of [10] argued that the lack
of correlation between 𝑃𝐸 and d may indicate the negligible
role of duplicate genes in the mouse genetic robustness. Here,
we conduct a simple case-study to show that it may not be
the case. We divided 135 mouse KO duplicate pairs with 𝑑 <
0.2 (corresponding to 82% sequence identity between KO
duplicates and their paralogs) into the “young” group (age
<310 mya, after the bird-mammal split) or the “old” group
(≥310 mya). Strikingly, we found 𝑃𝐸 = 0.39 for the young
group and 𝑃𝐸 = 0.58 for the old group (𝜒2 = 4.56, P = 0.03)
(Figure 6(b)). Moreover, we calculated the mean sequence
conservation (the 𝑑𝑁/𝑑𝑆 ratio) in both groups: 𝑑𝑁/𝑑𝑆 = 0.12
for young duplicates and 0.02 for ancient duplicates. Does
this mean that different 𝑃𝐸 in young and old groups is caused
by the difference in sequence conservation? From the𝑃𝐸 𝑑𝑁/𝑑𝑆 regression in singletons (Figure 3(a)), we predict that,
if there is no functional compensation between duplicates,
the young group should have the 𝑃𝐸 = 0.56 versus the old
group 𝑃𝐸 = 0.64 (Figure 6(b)), which is contradictory to our
observation. We therefore conclude that, for these duplicate
pairs with >82% protein sequence identity, recent duplicate
pairs are functionally more compensated than ancient pairs.
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Figure 6: Relationship between 𝑃𝐸 and protein sequence divergence. (a) 𝑃𝐸 in duplicate genes is not correlated with the Poisson-corrected
distance (d) between the target gene and its closest paralog in the genome. Error bars show one standard error. (b) 𝑃𝐸 and 𝑃𝐸∗ of mouse
knockout duplicate pairs with sequence divergence 𝑑 < 0.2. “Young” group represents the knockout genes with duplication age <310 mya,
and “old” group represents the knockout genes with duplication age ≥310 mya. 𝑃𝐸∗ is calculated based on the mean 𝑑𝑁 /𝑑𝑆 ratio for each group
and the linear regression equation of Figure 3(a).

The A&B model we proposed suggests that the age
of gene duplication plays an important role in functional
compensation between duplicates, while the sequence conservation indicates the likelihood of a duplicate gene actually
genetically buffered by other (nonhomologous) genes, as
supported by recent double deletions of yeast duplicate
pairs [29, 30]. Noticing that, in many cases, the sequence
similarity and functional similarity between paralogs may
not be strongly correlated [31], we tentatively propose the
transient hypothesis for the observed 𝑃𝐸 -age correlation.
That is, because only a few nucleotide substitutions are
responsible for the compensation loss between duplicates,
the time interval for maintaining the effective compensation
between duplicates mainly depends on the “waiting time” for
these substitutions to occur.

3. Discussion
In this study, we formulated an evolutionary model (A&B
model) to address the knockout duplicate puzzle in mouse.
That is, a duplicate gene to be essential depends on two
mechanisms: the effect of genetic buffering (𝑔) and the agedependent effect of duplication compensation. We convincingly showed that the role of duplicates in mouse genetic
robustness is nontrivial, similar to other simple model organisms [1–4]. There are substantial segmental or tandem gene
duplications in the mouse genome around the mammalian
radiation or even during the rodent lineage. These recently
duplicated genes are expected to play major roles in the
mouse gene robustness [11]. In spite of the fact that they
were considerably underrepresented in the current mouse
KO database, after the careful analysis that ruled out the

potential confounding effect from sequence conservation,
protein connectivity, functional bias, or bias of WGD duplicates, we reached the conclusion that differs sharply from
the previous statement [10] of negligent duplicate effect on
mouse genetic robustness. It is interesting to find that 𝑃𝐸
seems to increase with organismal complexity. That is, though
a greater fraction of genes in complex organisms may have
been essential to ensure viability and fertility than that in
simple organisms, for example, under laboratory conditions,
𝑃𝐸 is ∼7% in Escherichia coli [32], 17% in yeast [8, 33], and
>46% in mouse, the age-dependent effect of duplicates on
gene robustness remains similar from simple to complicated
organisms. Of course, a more complete mouse KO database
is crucial for further investigation.
Although there is no big difference between mouse and
yeast in the role of duplicate genes in genetic robustness,
mouse genetic robustness indeed reveals some unique features deserving further investigations: (i) why the 𝑃𝐸 of
mouse WGD duplicates is larger than the 𝑃𝐸 of average singlecopy mouse genes, but, in yeast, it is much smaller than
its counterpart; (ii) why the 𝑃𝐸 of yeast singletons is much
larger than the 𝑃𝐸 of duplicates, but the difference is not very
evident in mouse even after controlling the sampling bias;
(iii) why protein connectivity is high in mouse duplicated
genes, in contrast to the case in the yeast [9, 14]. Though one
may speculate that each problem may have several possible
explanations, we propose a unified evolutionary model that
can interpret these observations, which is the quite different
age distribution of duplicated genes between mouse and
budding yeast resulting from different evolutionary origins.
In the yeast Saccharomyces cerevisiae, the most recent
WGD event occurred relatively recently (in the last ∼100
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million years) [34]. The majority of the yeast duplicated genes
are quite young. For example, we found that only 13.1% of the
yeast duplicates were generated 500 mya. In contrast, 58.9%
of the mouse duplicates were created 500 mya (unpublished
data). As shown in Figure 1, a significant portion of duplicate
genes in vertebrates, including fishes, birds, and mammals,
were generated by large-scale genome-wide duplications in
the early stage of vertebrates [26, 35–39]. Though there still
remains some controversies on how many rounds of WGDs
had occurred during the evolution of early vertebrates, a
general agreement has been reached that these duplication
events may result in concomitant increase of developmental
genes involving signal-transduction and transcription regulation that may be relevant to the expansion of cell types in
the origin of vertebrates. For instance, we found a significant
increase of paralogous genes in GPCRs (G-protein coupled
receptors) and GPCR-pathway related protein families during
the early stage of vertebrates. Transcription factors and protein kinases also show the same pattern [40]. These signalingrelated molecules apparently tend to have more numbers
of protein-protein interactions; many of them actually act
as hubs in the process of signaling. If the evolutionary
process of transition from invertebrate to vertebrate required
the increase of tissue-specific signaling pathways, signalingrelated duplicate genes may be favorably preserved in the
genome. This hypothesis explains why protein connectivity
in mammals is high in duplicate genes.
Another intriguing observation is the specific features
of ancient duplicates. We found that ancient duplicates tend
to be more conserved, and the ancient duplicate gene tends
to be more essential than an average single-copy gene. First
thought for why ancient duplicates are more conserved is
puzzling, because it is generally believed that duplicated
genes may have experienced a relaxed evolution due to
the functional redundancy. Hence, an interpretation based
on positive selection could be that the follow-up neofunctionalization may impose stronger functional constraints on
these ancient duplication genes. Though it stands as an
interesting hypothesis, we offer a much simpler explanation.
For those ancient duplicate genes originated over 500 mya,
only highly conserved duplicate pairs can be detected by
the standard homologous search. In other words, sequence
similarity between ancient duplicate genes with relatively
low sequence conservation may be too low to be detected.
Our simple calculation has shown that it may occur very
likely. Suppose that the evolutionary rate of a gene is typically
3 × 10−9 per change/year. Since the ancient duplication
event (500 mya), the sequence identity between duplicate
copies, under the simplest Poisson model, is estimated to be
exp[−2 × 3 × 10−9 × 500 × 106 ] = 𝑒−3 ≈ 0.0498! Note
that the cutoff for sequence similarity in homologous search
is usually around 0.25. An interesting explanation for why
ancient mouse duplicates even have a higher degree of gene
essentiality than the average of singletons invokes acquisition
of new functions that facilitates the loss process of functional
compensation between duplicates. However, our analysis
(Figure 3(c)) shows that a nonadaptive alternative may be
more likely; that is, ancestral genes for those duplicated in
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early or prior to vertebrates may have stronger sequence
conservation. In this case, using the overall proportion of
essential genes in singletons as a reference may be misleading.
Since functional compensation of duplicated genes has
been found to play an important role in genetic robustness in
various species, from simple eukaryote yeast to complicated
mammal mouse, it is highly expected that the similar scenario
holds in human. However, owing to the impossibility of
getting the large-scale human gene KO phenotypic data,
it is not possible to systematically verify this expectation.
Recently, several studies showed evidences that disrupt duplicate genes have less phenotype effect in human genome,
indicating a possible contribution of duplicate genes to the
human genetic robustness. For example, two separate studies
found that the human specific nonprocessed pseudogenes
or long-established lost genes are overrepresented in genes
belonging to large gene families, such as olfactory receptor
or zinc finger protein family [41, 42]. These results might
indicate that loss of duplicate genes could be compensated
by their close paralogous genes. Similarly, through a largescale experimental survey of nonsense SNPs in the human
genome, Yngvadottir et al. (2009) discovered 99 genes with
homozygous nonsense SNPs in healthy human population.
These genes could be considered as nonessential genes [43].
They found that 51% of nonessential genes have at least one
paralog, whereas in comparison only 35% of all human genes
are reported to have a paralog (𝑃 < 0.05). So, it is possible that
their function is “backed up” by duplicated paralogs in the
human genome. Moreover, Hsiao and Vitkup (2008) found
that genes with close homologs are significantly less likely
to harbor known disease mutations compared to genes with
remote homologs [8]. In addition, close duplicates affect the
phenotypic consequences of deleterious mutations by making
a decrease in life expectancy less likely. If all the gene samples
of above studies represent the entire genome, the results
would mean that the effect of duplicate genes on genetic
robustness holds in human genome.
In our study, the duplication age was estimated between
the mouse KO gene and its closest paralog. Many mouse
KO genes have more than one paralog, consisting of a
large gene family. In such cases the pattern of functional
compensation is complex, which cannot be revealed because
most members have no KO phenotype information. Our
approach is based on the premise that the closest paralog is
the major determinant of functional compensation. Of course
our treatment could be biased, and the future study should be
gene-family based. The bottleneck still is the lack of sufficient
KO genes. We indeed conducted a preliminary survey of the
distribution of KO genes in a family but the dataset is too
small to be useful at the current stage. Another technical
issue is about the age of singleton. While we use the common
procedure to determine singletons, the age of gene does affect
𝑃𝐸 in both duplicate and singleton genes. One may see Chen
et al. (2012) for details [44].
The mouse KO database provides a valuable resource
to study the genomic features of vertebrate evolution from
gene essentiality [9, 10, 45] to pleiotropy [46]. Since mouse
tissue-specific developmental genes were largely duplicated
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in the early stage of vertebrates (∼500 mya), while mammalian character-related genes were duplicated recently, the
contribution of duplicates to genetic robustness may be more
associated to mammalian-specific phenotypes. On the other
hand, duplication events in the early stage of vertebrates
were tightly associated with the expansion of signaling pathways for the evolution of vertebrate-specific multicellularity
[16]. This may explain why gene duplicability and protein
interactions are positively correlated [9], as signaling-related
proteins tend to have high number of protein interactions.
The effect of gene duplications on genetic robustness depends
on the distribution of young duplicate genes in the current
genome. Therefore, its impact varies among species, mainly
because each species has its unique age distribution of gene
duplications. For instance, due to recent polyploidizations,
duplicate genes may dominate the genetic robustness in
plant genomes [47]. It will be interesting to see whether
the conclusions made in mouse hold in general when more
invertebrate null mutation phenotypic data become available
for such analyses.

4. Materials and Methods
4.1. Genomic Data. Protein sequences of mouse (NCBIM36),
human (NCBI36), chicken (WASHUC2), and zebrafish
(Zfish6) genes were extracted from Ensembl (release 59). If a
gene had more than one alternative-splicing form, the longest
isoform was used. Since several processed pseudogenes
inserted into the genome very recently could be erroneously
annotated as functional genes in Ensembl [48], we identified
the single-exon genes with protein sequence identity ≥98%
to multiple-exon genes as processed pseudogenes. The identified processed pseudogenes were excluded in the following
analysis. The transcript and exon data of mouse genes were
also obtained from Ensembl. For each alternatively spliced
gene, the exon number was defined as the largest exon
number of its all transcript isoforms.
Mouse phenotype and genotype association file (MGI
PhenoGenoMP.rpt) was downloaded from Mouse Genome
Informatics (ftp://ftp.informatics.jax.org) (release 08/23/
2010) [49]. This file contains specific mammalian phenotype
(MP) ontology terms annotated to genotypes. Mammalian
phenotype browser (http://www.informatics.jax.org/searches/MP form.shtml) was used to match MP terms and
phenotype details. Here, an essential gene was defined
as a gene whose KO phenotype is annotated as lethality
(including embryonic, prenatal, and postnatal lethality) or
infertility [9]. We excluded all the phenotypic annotations
due to multiple gene KO experiments and only used those
of null mutation homozygotes by target deletion or genetrap technologies. Totally, 4123 genes with phenotypic
information were extracted from this file. We then classified
these genes into 1921 essential genes and 2202 nonessential
genes. Some different criteria were used to examine the
effect of the definition of “essential genes” that we used
above. For example, we followed the methods of [10, 45] to
define essential genes. We found that though P𝐸 varies under
different criteria for essential genes, it does not change our
major results qualitatively (data not shown).
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Homology information of mouse-human genes (mouserat) was obtained from Ensembl BioMart (release 59).
The number of synonymous substitutions per synonymous
site (𝑑𝑆 ) and the number of nonsynonymous substitutions per nonsynonymous site (𝑑𝑁) between mouse and
human orthologs were estimated by the maximum likelihood
method using PAML [50] and were retrieved from Ensembl
EnsMart. For mouse genes have many human (rat) orthologs,
the pair with the smallest 𝑑𝑁/𝑑𝑆 ratio was used for further
analysis.
We calculated the protein connectivity (k) based on the
protein-protein interaction data of one-to-one human orthologous genes (including both yeast two-hybrid and literaturecurated interactions, but excluding self-binding interactions)
[26]. Because of the absence of the large-scale mouse proteinprotein interaction experiment and the function similarity
between human-mouse orthologous genes, here we use the
protein connectivity of corresponding human orthologs to
approximately represent that of the mouse KO genes.
4.2. Identification of Duplicate Genes and Singletons. We used
a method similar to that of Gu et al. [51] to identify duplicate
genes and single-copy genes. Because we want to detect the
differences in 𝑃𝐸 between real duplicates and singletons, we
use stringent criteria to define duplicate genes and singletons.
Briefly, every protein was used as the query to search against
all other proteins by using Blastp (𝐸 = 1𝑒 − 10) [52]. Two
proteins are scored as forming a link if (1) the alignable region
between them is >80% of the longer protein and (2) the
identity (I) between them is I ≥ 30% if the alignable region is
longer than 150aa and 𝐼 ≥ 0.01𝑛 + 4.8𝐿−0.32[1+exp(−𝐿/1000)] for
all other protein pairs, in which n = 6 and L is the alignable
length between the two proteins. We deleted proteins if they
formed a hit due to the presence of a repetitive element of
the same family. The Blastp non-self best hit of a duplicate
gene was defined as its closest paralog. A singleton gene is
defined as a protein that does not hit any other proteins in the
Blastp search with 𝐸 = 1𝑒 − 10; this loose similarity search
criterion was used to make sure that a singleton is indeed a
singleton. Our results were essentially unchanged when we
chose an even looser criterion, such as 𝐸 = 1𝑒 − 5.
4.3. Dating Duplication Time of Mouse Duplicate Genes. We
developed an analytical pipeline to estimate the duplication
times (ages) of mouse duplicate genes on a large scale, using
the split-time between the mouse and zebrafish (430 million
years ago, mya) as a calibration. First, we shall define Inparalogs clusters of mouse and zebrafish; that is, those paralogs
duplicated after the mouse-zebrafish split, in either mouse
or zebrafish lineage. One may see Figure 7 for illustration.
Apparently, there are two modes for each duplicate pair:
duplicated after the mouse-zebrafish split (Figure 7(a)) or
before mouse-zebrafish split (Figure 7(b)).
We used the Inparanoid program (Version 2.0) to infer
Inparalogs clusters of mouse and zebrafish [53]. Mouse and
zebrafish genes in the same cluster are then identified as
orthologs. A multiple alignment including the mouse duplicate genes, their closest paralogs, and their Inparalogs clusters
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Figure 7: Illustration of the evolutionary relationship between mouse and zebrafish genes. Mouse duplicate events may occur after mousezebrafish split (a) or before it (b). Red node represents the speciation event and black node represents the duplication events. Genes under a
red node represent a mouse-zebrafish inparalog cluster.

(orthologs) was obtained by Tcoffee [54]. For those clusters
containing more than 10 mouse or zebrafish Inparalogs, to
reduce the complexity of calculation, besides mouse duplicate
pair, 10 mouse or zebrafish Inparalogs were randomly selected
for further alignment. Poisson-corrected distances between
duplicates (𝑑𝑚 ) or orthologs were calculated after all alignment gaps were eliminated.
In each case (a) or (b) (Figure 7), we calculated the
distance between the mouse knockout duplicate and its
closest paralog and the averaged distance between mouse
and zebrafish orthologs, which can be easily converted to
the geological time (million years ago) under the assumption
of molecular clock [16]. By this method, the duplicate time
between each of 9503 mouse genes and its closest paralog was
estimated (whole genome set). Among them, 2260 genes were
KO target genes (knockout set).
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CD4+ T cells are central to the induction and maintenance of CD8+ T cell and antibody-producing B cell responses, and the latter
are essential for the protection against disease in subjects with HIV infection. How to elicit HIV-specific CD4+ T cell responses in a
given population using vaccines is one of the major areas of current HIV vaccine research. To design vaccine that targets specifically
Chinese, we assembled a database that is comprised of sequences from 821 Chinese HIV isolates and 46 human leukocyte antigen
(HLA) DR alleles identified in Chinese population. We then predicted 20 potential HIV epitopes using bioinformatics approaches.
The combination of these 20 epitopes has a theoretical coverage of 98.1% of the population for both the prevalent HIV genotypes
and also Chinese HLA-DR types. We suggest that testing this vaccine experimentally will facilitate the development of a CD4+ T
cell vaccine especially catered for Chinese.

1. Introduction
Over 30 million people have died from HIV/AIDS related
illnesses since HIV was discovered in the 1980s. There are
currently 33 million of HIV carriers [1]. The rate of new
infection is still on the rise globally. In China, HIV infection
is a great concern, especially in southern part of China, for
example, Yunnan, Sichuan, Guangxi, and Xinjiang Provinces,
where a large number of infected people are drug users.
Additionally, in the regions of Henan, Hubei Provinces where
people were infected through illicit blood collection, the
rate of infection reached up to 60% of blood donors [2].
Highly active antiretroviral therapy (HAART), a combination
of three or more antiretroviral drugs, is routinely used to treat
individuals with HIV infection [3]. It significantly extends the
lifespan and improves the quality of life of people infected
with HIV but cannot eradicate the virus [4]. The course of
treatment is life-long and the medicines are expensive. In
developing countries, available antiretroviral drugs are still
limited. Therefore, a preventive HIV vaccine is especially
needed.

HIV genome is comprised of nine structural (Env, Gag,
and Pol) and regulatory (Tat, Rev, Nef, Vif, Vpr, and Vpu)
genes. The pol gene encodes for reverse transcriptase which
is error prone. This leads to high mutation rate, 15–20%
divergence between the nucleic acid sequences of different
HIV clades, and 7–12% variability within each clade [5].
Although the base composition of HIV genome is stable [6],
host immune response further increases the HIV nucleotide
diversity.
Due to the extreme sequence diversity and high mutation
rate of HIV, it has been difficult to develop an efficacious
HIV vaccine. A successful HIV vaccine requires inducing
neutralizing antibodies and cytotoxic T cell responses, both
of which can only be optimally induced and maintained in
the presence of a concurrent CD4+ T helper cell response
[7]. Despite many years of basic and clinical research, to date,
there are only three major human HIV vaccine clinical trials
completed. Set up in 1998, AIDSVAX gp120 protein vaccine
is the first HIV vaccine going through Phase III trial in
human and targeted to induce neutralizing antibody activity.
Although antibodies to homologous virus were elicited, they
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failed to neutralize heterologous viruses [8]. In 2004, a Phase
IIb trial with Merck’s MRKAd5, which is a trivalent vaccine
including gag, pol, and nef genes in an adenovirus 5 vector,
is designed for inducing cytotoxic T cell responses [9, 10].
Despite the induction of significant level of IFN gammaproducing T cells, the MRKAd5 has increased the risk of
HIV acquisition in vaccine recipients and failed to reduce
viral load after HIV infection [11]. Later in 2009, a Phase
III trial of RV144 HIV-1 vaccine was completed in Thailand,
which is a vaccine combination comprised of ALVAC (a
vaccine containing genetically engineered versions of gag,
env, and pol inserted in canarypox vector) and AIDSVAX (a
bivalent gp120 envelope protein vaccine). These vaccines are
theoretically capable of eliciting both CD8+ T cell response
and neutralizing antibody response. Despite neither vaccine
worked alone, in the combination, they unexpectedly lowered
the HIV incidence by 31.2% in vaccine recipients; however,
they did not reduce viral load [12]. These large clinical trials
have opened new questions and revealed new opportunities
for HIV vaccine research, including a rethinking of the need
for a vaccine for CD4+ T helper cells.
In order to stimulate a CD4+ T helper cell response,
antigens need to be processed and presented through MHC
class II molecules. The form of antigen could be either whole
protein or peptide epitopes. A previous study with a subunit
vaccine comprised of 18 CD4+ T helper cell epitopes has
demonstrated an efficient induction of robust helper T cell
response in a Phase I clinical trial in Caucasian population
[13]. Whether a similar strategy works in Chinese population
requires to be tested.
To select antigenic epitopes for a vaccine, one must
address several issues. One, HIV exhibits high mutation rates,
and thus conserved sequences may be needed to cover a
given population. Two, the human leukocyte antigen (HLA)
is highly polymorphic, and it restricts the proportion of
individuals who will respond to a particular antigen [14, 15].
To overcome these problems, promising T cell epitopes that
bind to several HLA alleles for maximal population coverage
should be selected [16], and a large variety of HIV sequences
should be considered in the design of a HIV vaccine.
MHC class II is a heterodimer that is comprised of a
monomorphic 𝛼 and a highly polymorphic 𝛽 chain. There
are over 400 class II alleles identified, spreading among
HLA-DM, HLA-DO, HLA-DP, HLA-DQ, and HLA-DR loci.
Among them DRB1 is the most polymorphic gene, consists
of 221 alleles; followed by DPB1 and DQB1 that has 84 and
39 alleles, respectively. Whereas other gene loci may have
only 1 or 2 alleles [17]. Therefore, DRB1 is the best choice
to optimize MHC II coverage. The frequency of HLA-DRB1
serotype differs among ethnic groups. Within DRB1 allotype,
DRB1∗11 and 13 serotypes present in 16% and 14% of black
population, whereas, in Caucasoid and Chinese, DRB1∗07
and DRB1∗11 and DRB1∗12 and DRB1∗15 appear in the
highest percentage [17]. The above evidences support the
development of a new HIV vaccine specifically for Chinese
population. Such a vaccine should have higher probability in
dealing with circulating HIV serotypes in China.
To overcome these complex issues of vaccine design,
bioinformatics methods may help to determine common
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features of vaccine antigens that have potential to deal
with divergent population and HIV quasispecies. Specifically,
bioinformatics-based approach is the most feasible method
in screening a large set of peptide epitopes and selection
of promising vaccine antigens. In this study, we extracted
821 HIV sequence and 46 Chinese DRB1 alleles from public
information and compiled a database. A combination of 7
public available epitope prediction algorithms was used to
screen the database and identify CD4+ T cell epitopes as
HIV vaccine antigens. We selected a set of 20 epitopes, which
in combination could cover more than 98% of our target
population.

2. Materials and Methods
2.1. Data Collection and Methods for Epitope Prediction.
In total, 821 HIV whole genome sequences of Chinese
population were retrieved from HIV Database (http://
www.hiv.lanl.gov/) [27], and the distribution of 46 HLA-DR
alleles (Table 1) was extracted from The Allele Frequency Net
Database (AFND) (http://www.allelefrequencies.net/) [28].
Seven existing methods available in Immune Epitope
Database (IEDB) [29] for MHC class II binding were
used to predict HIV epitopes based on binding affinity
between HLA DR types and HIV epitopes. These methods
included Consensus method [30], NN-align (netMHCII-2.2)
[31], stabilization matrix alignment method (SMM-align)
[32], Sturniolo [33], average relative binding (ARB) [34],
NetMHCIIpan [35], and Combinatorial library (ComLib)
[30].
2.2. Epitope Selection. All epitopes are 15 amino acids in
length. To be a potential epitope, it must have a MHC binding
affinity threshold of IC50 = 500 nM or below. A selected
epitope was removed from the epitope pool before the next
prediction. The process is repeated until all epitopes were
selected. All calculations of epitope selection process were
conducted in INFORSENSE Knowledge Discovery Environment (KDS) software platform [36]. The mathematical model
used to calculate the predictive score for each DR allele
of known coverage (as listed in Table 1) is the following
equations:
821 46

𝑆 (𝛼) = ∑ ∑ 𝛿 (𝛼) × 𝐶 (𝑗) ,
𝑖=1 𝑗=1

𝑖,𝑗

1, if 𝛼 in the combination of HIV
{
{
𝛿 (𝛼) = {
sequence 𝑖 and DR allele 𝑗
{
𝑖,𝑗
0,
Otherwise.
{

(I)

(II)

In the first equation (I), 𝛼 represents the epitope; 𝐶(𝑗)
is the percentage coverage of number 𝑗 DRB1 allele; 𝛿(𝛼) is
the function to indicate whether the epitope exists in the
combination of HIV sequence and DR allele, existence scored
1, and absence scored 0. 𝑆(𝛼) is the sum of number of times
of the binding of HIV sequence 𝑖 and DR allele 𝑗 after being
standardized to the proportion of DR allele 𝑗 in all DRB1
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Table 1: The DRB1 allele coverage in Chinese population.
Number
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
Total

Alleles
DRB1∗ 01:01
DRB1∗ 01:02
DRB1∗ 03:01
DRB1∗ 03:07
DRB1∗ 04:01
DRB1∗ 04:02
DRB1∗ 04:03
DRB1∗ 04:04
DRB1∗ 04:05
DRB1∗ 04:06
DRB1∗ 04:07
DRB1∗ 04:08
DRB1∗ 04:10
DRB1∗ 04:17
DRB1∗ 07:01
DRB1∗ 08:01
DRB1∗ 08:02
DRB1∗ 08:03
DRB1∗ 08:04
DRB1∗ 08:09
DRB1∗ 08:12
DRB1∗ 09:01
DRB1∗ 10:01
DRB1∗ 11:01
DRB1∗ 11:03
DRB1∗ 11:04
DRB1∗ 11:06
DRB1∗ 12:01
DRB1∗ 12:02
DRB1∗ 13:01
DRB1∗ 13:02
DRB1∗ 13:03
DRB1∗ 13:12
DRB1∗ 14:01
DRB1∗ 14:02
DRB1∗ 14:03
DRB1∗ 14:04
DRB1∗ 14:05
DRB1∗ 14:07
DRB1∗ 15:01
DRB1∗ 15:02
DRB1∗ 15:04
DRB1∗ 15:05
DRB1∗ 16:01
DRB1∗ 16:02
DRB1∗ 16:05

Coverage
0.0145
0.0014
0.0514
0.0009
0.0120
0.0024
0.0238
0.0082
0.0413
0.0233
0.0041
0.0075
0.0030
0.0018
0.0677
0.0018
0.0076
0.0512
0.0029
0.001
0.0011
0.0490
0.0149
0.0669
0.0015
0.0154
0.0013
0.0518
0.1048
0.0227
0.0233
0.0029
0.0025
0.0214
0.0013
0.0091
0.0078
0.0193
0.0023
0.1139
0.0418
0.0013
0.0018
0.0029
0.0401
0.0032
0.9520

alleles. All DRB1 alleles included in the study cover 95.2% all
Chinese HLA-DR alleles [28].

We selected epitopes from a combined pool of epitopes
through KDS platform using 7 prediction methods from
IEDB with a dataset that consisted of 821 circulating HIV
genome sequences in China and 46 Chinese HLA-DRB1
alleles. The epitopes bind to MHC class I molecules that were
removed first, and then the value of IC50 was considered.
Next, we ranked all epitopes based on the coverage score
(the higher the better coverage in HIV genome and DRHLA alleles). After an epitope has been selected, it was
removed from the database before next selection. This process
was repeated until 20 epitopes were selected. The workflow
diagram of this procedure was illustrated in Figure 1.

3. Results
3.1. The Coverage Distribution of HLA-DR of Chinese Population. A total of 46 HLA-DR alleles were identified from
AFND (Table 1). The alleles were listed and its coverage in
Chinese population was given. The table showed the coverage
ranged from 0.1% (DRB1∗08:09) to 6.77% (DRB1∗07:01) and
in a total of 95.2% of the Chinese population. The sample
population comprises 1704 individuals of the Han ethnicity.
This information was obtained from ten regions within the
mainland, China, and two other regions, Hong Kong and
Singapore, where Chinese ethnicity dominates. Among them,
the DRB1-02, -05, and -06 genotypes were not detected.
3.2. The Diversity of Epitope Coverage. With a combination
of 7 existing epitope prediction methods in IEDB, using
database comprised of 46 different DRB1 alleles and 821 full
genome sequences of HIV isolates circulating in China, we
then predicted 38,460,402 potential epitopes. After duplicates
were removed, 21,007,527 potential epitopes remained. We
scored these epitopes based on the allele coverage and total
coverage score, which was in general normally distributed.
As shown in Figure 2, most epitopes displayed low coverage
scores, 0.1 or lower; the highest epitope count reached
approximately 3000.
3.3. HIV Epitopes Specifically for Chinese Population. By
using the methods described above, we obtained 20 epitopes,
which in theory covered all 46 DRB1 allelic genotypes
and 821 Chinese HIV sequences (Table 2). All 20 epitopes
were selected for binding to MHC class II and absence
of binding to MHC class I. Table 2 listed the amino acid
sequences of the 20 epitopes, their location in HIV-1 gene,
their percentage of coverage in HIV-1 genome sequences
from 4% to 43%, the proportion in the HLA-DR allele
sequences between 52% and 100%, and the total coverage
in both sequences as low as 4% and the highest at 41%.
One single epitope WIILGLNKIVRMYSP covered 41% of
both DRB1 and Chinese specific HIV-1 genome sequences,
which is of note. This epitope had been reported before
[18]. In fact, 4 other predicted epitopes (LNKIVRMYSPTSILD, GFPVRPQVPLRPMTY, VDRFYKTLRAEQASQ, and
LYKYKVVKIEPLGVA) have also been published previously
[22–24, 26] and 4 peptide sequences (PVVSTQLLLNGSLAE,
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(1)

821 HIV strains

46 DR alleles

(2)

Software prediction

(3)

Results integration

(4)

4. Discussion

Score

20 cycles

(5)

Rank

Filter

(6)

20 epitopes

(7)

Figure 1: A flowchart illustrates procedures for CD4+T cell epitope
prediction. (1) Using KDS platform with datasets of 821 circulating
HIV-1 strains and 46 HLA-DRB1 alleles in Chinese population; (2)
the software predicted possible epitopes by 7 known methods from
the IEDB database; (3) all results were combined and scored using
(I) and (II); (4) the epitopes were ranked according to the score; (5)
the epitope with the top score and the lowest IC50 value was selected;
(6) the selected epitope was then removed from the epitope pool; (7)
steps 4–6 were repeated until all 20 epitopes fulfilled the criteria that
were selected.
Epitope score distribution

3500

Epitope count

3000
2500
2000
1500
1000
500
0
0.0001

0.001

0.01

0.1

1

in clinical trial [13]. The table listed 17 epitopes, from gag,
pol, env, and vpu genes. One published epitope that has
a HIA binding IC50 above our threshold of 500, Env 566
IKQFINMWQEVKAMY, was not listed. For these epitopes,
HIV coverage is from 2% to 43%, DR coverage is between 35%
and 98%, and specific coverage is at highest of 41% and in sum
of 69%.

10

100

log(score)

Figure 2: The distribution of epitope coverage score. The epitope
coverage scores (log-transformed) were plotted on the horizontal
axis against the frequency of epitope count on the vertical axis. Most
of the log score localized to the region between 0.01 and 1.

LRIIFAVLSIVNRVR, ILDLWVYHTQGYFPD, and YKRWIILGLNKIVRM) were reported in patents before [19–21, 25],
whereas the remaining 11 epitopes have never been reported.
All 20 epitopes together provided 98.1% coverage in HIV
genome and HLA-DR alleles. These predicted epitopes were
found in HIV-1 gag, env, pol, and nef genes. Six of them were
in gag gene, 6 in env, 2 in pol, and 6 in nef.
We then applied the new method to a previously published HIV vaccine comprised of T helper epitopes and tested

In this paper, we described a novel method for designing
a peptide-based T helper cell vaccine for HIV, which is
specific for Chinese HIV strains and Chinese MHC class II
genotypes. The current method has several advantages. First,
our methodology of epitope prediction is easily accessible to
public use. In fact, it is a combination of all seven existing
methods publically available in IEDB. The IEDB database
comprises a series of most up-to-date and evidence based
methods specifically created for the prediction of MHC
restricted T cell epitopes. In contrast to other studies that only
used one of the methods, we used them all for more accurate
prediction of MHC class II restricted T helper epitopes.
So far, there are three major types of bioinformatics methods for the prediction of MHC class II restricted T helper cell
epitopes. One is called matrix alignment algorithm, and these
are SMM, ARB, and Sturniolo methods. This algorithm uses
published T cell epitopes and their respective binding affinity
to MHC class II, in terms of the IC50 value, to determine
epitopes. The other relies on machine learning, and NNalign and NetMHCIIpan methods belong to this category.
New sequences are subjected to computer simulated models
to predict whether any epitopes can bind to a particular
MHC II to high enough affinity. The third type combines
several methods together to predict epitopes. These include
Consensus method and ComLib method.
Consensus method was reported to provide highest
true positive rate, followed by NN-align and ARB [37].
NetMHCIIpan performed the best among all other panspecific methods for MHC class II with varied experimental
settings [38]. NN-align performs especially well in handling
large dataset among all other machine learning methods and
in combination with ARB outperforms the use of NN-align
alone [30].
In this study, we used all above seven methods simultaneously, scored the potential epitopes independently, and
then used IC50 value as a filter to select T cell epitopes
that have the broadest population coverage. Our method did
not use all 8 IEDB recommended methods but integrated 7
of the IEDB methods because the 8th IEDB method is an
integration of the other seven and thus not an independent
measurement. The method we used could be considered
as “greedy” algorithm in the bioinformatics field, which
predicts the best epitope among all in a pool of potential
epitopes. Thus, we believe an integrated method that uses a
combination of all seven original algorithms might be the best
to predict more accurately MHC class II epitopes.
Another unique feature of our study is that we designed
candidate helper T cell vaccine targets specifically to the
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Table 2: Predicted HIV T helper cell epitopes for Chinese population.
Amino acid sequences

Protein
destination1

HIV%2

DR%3

Total
coverage4

Specific
coverage5

WIILGLNKIVRMYSP

Gag 265

43%

89%

41%

40.72%

Younes et al., 2003 [18]

Reference6

PVVSTQLLLNGSLAE

Env 262

38%

74%

34%

27.73%

August et al., 2013 [19]

VQMAVFIHNFKRKGG

Pol 892

24%

93%

23%

9.79%

NA (IEDB)

LRIIFAVLSIVNRVR

Env 702

24%

96%

26%

4.39%

Sette et al., 2005 [20]

ILDLWVYHTQGYFPD

Nef 127

12%

63%

10%

5.37%

Sette et al., 2002 [21]

LNKIVRMYSPTSILD

Gag 284

25%

100%

25%

1.81%

Korber et al., 2001 [22]

WGIKQLQARVLAVER

Env 588

22%

87%

20%

1.25%

NA

GAFDLSFFLKEKGGL

Nef 91

4%

63%

4%

1.20%

NA

VDRFYKTLRAEQATQ

Gag 297T

15%

98%

15%

1.17%

NA

GFPVRPQVPLRPMTY

Nef 85

9%

65%

6%

0.84%

Korber et al., 2002 [23]

TPGIRYQYNVLPQGW

Pol 295

23%

93%

22%

0.78%

NA

VDRFYKTLRAEQASQ

Gag 297S

15%

98%

15%

0.71%

Bozzacco et al., 2012 [24]

RQLLSGIVQQQSNLL

Env 549

27%

83%

26%

0.56%

NA

GLIYSKKRQEILDLW

Nef 117

6%

67%

5%

0.50%

NA

KPCVKLTPLCVTLNC

Env 126

17%

89%

16%

0.28%

NA

YKRWIILGLNKIVRM

Gag 272

43%

89%

41%

0.24%

Sette et al., 2002 [25]

PLTFGWCFKLVPVDP

Nef 144

11%

52%

11%

0.21%

NA

FGWCFKLVPVDPREV

Nef 147

4%

93%

4%

0.24%

NA

CKQIIKQLQPALQTG

Gag 67

8%

98%

8%

0.16%

NA

LYKYKVVKIEPLGVA

Env 489

6%

100%

6%

0.14%

Dzuris et al., 2001 [26]

7

Total specific coverage

98.1%

1

The location of epitopes on HIV viral gene products and the first amino acid of the viral gene product.
2
The epitope sequence presented in the proportion of 821 HIV genome sequences.
3
The epitope sequence presented in the proportion of 46 DR alleles.
4
The ratio of the epitope appeared in both 821 HIV genome and DR allele sequences.
5
Calculated based on the coverage of the epitope in the rest of the dataset after removing the preceding epitope.
6
Reference where the epitope had been published. NA: not available in published literature.
7
Sum of specific coverage for all 20 epitopes.

Chinese population. Most common world circulating HIV
subtypes are B and C, and recombinant forms are AE and
AG. In contrast, the common subtypes are B and recombinant
forms are BC and AE in China [27, 39, 40]. We extracted all
821 subtypes of HIV-1 strains which are mostly subtypes B
and C for developing a highly specific vaccine for Chinese
population. As T helper cell epitopes are recognized through
MHC class II, and that Chinese exhibit divergence DRB1
alleles, we also included 46 published Chinese HLA-DRB1
genotypes into our prediction.
In comparison to a previous paper that selected MHC
class II binders according to the binding affinity to multiple
HLA-DR subtypes [13], we focused on DRB1 alleles which
are most polymorphic among human MHC class II loci and
thus directed our study to be more specific and increased
possibility to induce T cell responses specifically for Chinese.
One limitation in our study, as shown in Table 1, is that
DRB1 genotypes 2, 5, and 6 were not included. This is due
to a lack of publication of any information on DRB1∗02, 05,
and 06. Therefore, our dataset represents what is currently

available; that is, there are only 46 DRB1 alleles in Chinese
population.
By using our method, we obtained 20 helper T cell
epitopes which covered 98.1% of HIV strains known to
have been circulating in China and all Chinese HLA-DR
genotypes. There are limited studies that have tested designed
peptide T helper vaccine in humans. In a published paper
that contains 18 T helper epitopes [13], our combination
of epitope predication methods found that these epitopes
covered 69% of Chinese HIV genomes (Table 3). In a different
population that is predominantly Caucasian, these epitopes
combined have a 100% coverage. Thus, the difference in the
coverage may suggest our predicting method is more specific
for Chinese population, and our epitopes are better potential
HIV vaccine candidate for Chinese. Furthermore, 9 epitopes
we obtained have been published before and 11 are not. Thus,
we both have the empirical evidence to support that our
allelic specific peptides have the potential to stimulate T cell
responses and new epitopes to suggest that our prediction is
innovative.
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Table 3: Using novel algorism to calculate the coverage of epitopes in a published T helper vaccine for Chinese population.
Protein destination1

HIV%2

DR%3

Specific coverage4

FRKYTAFTIPSINNE
EKVYLAWVPAHKGIG

Pol 303
Pol 711

14%
3%

98%
98%

13%
3%

GEIYKRWIILGLNKI
KRWIILGLNKIVRMY
GAVVIQDNSDIKVVP

Gag 294
Gag 298
Pol 989

20%
43%
21%

87%
89%
57%

18%
41%
12%

YRKILRQRKIDRLID
QKQITKIQNFRVYYR

Vpu 31
Pol 956

2%
19%

89%
98%

2%
19%

SPAIFQSSMTKILEP
QHLLQLTVWGIKQLQ
AETFYVDGAANRETK

Pol 335
Env 729
Pol 619

11%
23%
7%

93%
83%
41%

11%
21%
2%

QGQMVHQAISPRTLN
WAGIKQEFGIPYNPQ

Gag 171
Pol 874

3%
3%

85%
35%

3%
1%

KVYLAWVPAHKGIGG
KTAVQMAVFIHNFKR
EVNIVTDSQYALGII

Pol 712
Pol 915
Pol 674

3%
24%
24%

93%
83%
57%

2%
22%
16%

WEFVNTPPLVKLWYQ
HSNWRAMASDFNLPP

Pol 596
Pol 758

22%
11%

91%
57%

22%
7%

Amino acid sequence

Total specific coverage5

69%

1

The epitopes were selected from a published paper.
Data in columns 2–5 were calculated using the same method as in Table 2.

There was one core epitope WIILGLNKIVRMY, appeared
in both studies, showing very high HIV, HLA-DR, and
specific coverage. The Gag epitope with two amino acids
modification WIILGLNKIVRMYSP was reported to stimulate strong CD4+ T responses [27]; another variant of
the same epitope KRWIILGLNKIVRMY exhibited superior
HLA-DR binding capacity [13]. Another difference between
our study and that published is that our epitopes consisted of
those in nef gene but not vpu gene, whereas Walker’s study
did not cover nef but vpu. These comparisons suggest that a
vaccine designed predominantly for Caucasian may not be
optimal for Chinese population. One epitope, for instance,
Env 566 (IKQFINMWQEVKAMY) [13], given in Walker’s
paper, was not picked up in our study.
Our method predicted epitopes, in theory, together covered 98.1% of HIV-1 genome and Chinese specific DRB1
alleles. In comparison, Walker’s study reported 18 T helper
cell epitopes that cover 100% of the global population.
By using a prediction algorithm which based mostly on
HLA supertypes [13]. However, when submitted to our new
prediction method, the same epitopes only achieved 69%
of coverage of the Chinese population. The discrepancy in
methods for prediction may give different results. Further
experimental evidence is required to find out whether our
method is more accurate.
The allele coverage of DRB1 for Chinese was based on
1704 subjects of whom 1569 were from mainland China and
135 were from Hong Kong and Singapore. All Chinese allele
data regarding DRB1 frequencies were extracted from AFND,
and all 1704 subjects were Chinese Han ethnics. There is
no information on other minor national groups in China

available. This may lead to inaccuracy in prediction of helper
T cell epitopes for the Chinese. Larger sample size may
improve the quality of our prediction.

5. Conclusions
In this study, we report a novel bioinformatics method for
designing peptide epitope based T helper vaccine for HIV.
We suggest further in vitro and in vivo experiments to be
performed to test the immunogenicity of this vaccine and
improvement of method of prediction to be made when
necessary.
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Cadmium is a common toxicant that is detrimental to many tissues. Although a number of transcriptional signatures have been
revealed in different tissues after cadmium treatment, the genes involved in the cadmium caused male reproductive toxicity, and
the underlying molecular mechanism remains unclear. Here we observed that the mice treated with different amount of cadmium
in their rodent chow for six months exhibited reduced serum testosterone. We then performed RNA-seq to comprehensively
investigate the mice testicular transcriptome to further elucidate the mechanism. Our results showed that hundreds of genes
expression altered significantly in response to cadmium treatment. In particular, we found several transcriptional signatures
closely related to the biological processes of regulation of hormone, gamete generation, and sexual reproduction, respectively.
The expression of several testosterone synthetic key enzyme genes, such as Star, Cyp11a1, and Cyp17a1, were inhibited by the
cadmium exposure. For better understanding of the cadmium-mediated transcriptional regulatory mechanism of the genes, we
computationally analyzed the transcription factors binding sites and the mircoRNAs targets of the differentially expressed genes.
Our findings suggest that the reproductive toxicity by cadmium exposure is implicated in multiple layers of deregulation of several
biological processes and transcriptional regulation in mice.

1. Introduction
Cadmium is an environmental and occupational toxic heavy
metal that is widely used in industrial process and consumer
products. The usual pattern of the nonoccupational cadmium
intake is mainly from food, drinking water, and smoking [1],
which caused several diseases by toxically targeting the lung,
liver, kidney, bone, and the cardiovascular system as well
as the immune and the reproductive system [2]. The multiple mechanisms involved in response to cadmium include
modulating cell cycle, DNA repair process, DNA methylation
status, altering gene expression, and several signaling pathways in carcinogenesis and other diseases [3–5].
It has been well documented that cadmium exposure
leads to the impairment of male and female reproductive
system both in human and animals. The high level cadmium in the serum and seminal fluid positively correlated
to the azoospermia in the infertile Nigerian males [6]. In
the female reproductive system, cadmium exposure leads
to failure to ovulate, defective steroidogenesis, suppressed

oocyte maturation, and failure of developmental progression
in preimplantation embryo and implantation. Moreover, by
using the established animal model, the cadmium exposure
causing the reproductive system damage is associated with a
series of abnormalities, including disruption of blood-testis
barrier, testicular necrosis, disruption of blood-epididymis
barrier, and abnormal sperm morphology [7]. In addition to
reproductive system, recent study also indicated that prenatal
cadmium exposure perturbs the vascular and immune system
of the murine offspring [8, 9], implicating the role of cadmium exposure in offspring health. A number of mechanisms
of reproductive toxicity of cadmium have been suggested,
including ionic and molecular mimicry, interference with cell
adhesion and signaling, oxidative stress, genotoxicity, and
cell cycle disturbance [7]. Although the DNA microarray
was employed to study the transcriptional gene alternation
in cell lines and peripheral blood cells exposed to cadmium
and identified several differentially expressed genes as well as
signaling pathways [10, 11], the comprehensive understanding
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of the mechanisms that are responsible for the toxicity of
chronic cadmium exposure in testis is still lacking.
In this study, we performed the RNA-seq to profile the
alterations of gene expression in response to chronic cadmium exposure. By analyzing the transcriptome between the
cadmium treated and untreated mice, we identified a number
of transcriptional signatures, which provided mechanistic
insight into the mechanism of how the male reproductive
system is affected by chronic cadmium exposure.

2. Materials and Methods
2.1. Chemicals. Cadmium chloride (CdCl2 ) was purchased
from Sigma Chemical Co. (St. Louis, MO).
2.2. Animals and Experimental Design. Thirty six-week-old
male Chinese Kun Ming (KM) mouse weighing about 30–32 g
were used in the experiment. The animals were obtained from
Wuhan University Center for Animal Experiments/A3-Lab.
All animals were housed in a laboratory-controlled environment (25∘ C, 50% humidity, and light : dark cycle 12 h : 12 h).
The animals were permitted free access to food and drinking
water ad libitum. The food for mice was purchased from
Wuhan University Center for Animal Experiment. All animal
experiments were carried out in strict accordance with the
recommendations in the Regulations for the Administration
of Affairs Concerning Experimental Animals of China. The
protocol was approved by the Wuhan University Center for
Animal Experiment (approved permit number: SCXK 20080004). All surgery was performed under sodium pentobarbital anesthesia, and all efforts were made to minimize
suffering.
After acclimatization and one-week observation, we
found the daily food consumption per mouse was about 6–
8 g. Then all animals were randomly divided equally into
three groups and every five mice were housed in a cage.
To calculate the consumption of food containing cadmium,
we make high-cadmium food as 0.3 mg CdCl2 /g and lowcadmium food as 0.15 mg CdCl2 /g. Then, each cage of high
level cadmium-exposed group was supplied with 50 g highcadmium food daily, and low level cadmium-exposed group
was supplied with 50 g low-cadmium food as well. On the
following day, we collected and removed the remaining food
and residue and new 50 g food was given. By deducting the
weights of remaining food and residue, we calculated that
the food intake for cadmium treated mice was 6.5 ± 0.8 g.
Therefore, the intake of cadmium in the high group was considered as 1.95 ± 0.24 g per mouse daily and in the low group
was considered as 0.975 ± 0.12 g per mouse daily. Subsequently, all animals were treated with the according food for
6 months, in which the mice of control group were treated
with the same amount of food without CdCl2 . We chose
these specific dose and period of cadmium exposure as our
preliminary results showed that cadmium accumulation in
serum and testis reached the highest value at six months,
and the mice treated with such dose of cadmium did not
show abnormalities or other health problems. Then the blood
samples of 5 different mice in each group were randomly
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collected. Serum were separated by centrifugation from the
blood samples above and stored at −80∘ C until assay for the
cadmium concentration using the graphite furnace atomic
absorption spectrometry (GFAAS) method. Testosterone in
serum was measured using Testosterone Parameter Assay kit
(R&D, USA).
2.3. RNA Isolation and Preparation for Next-Generation
Sequencing. A total of 9 testis samples (three samples from
each group) were selected for RNA isolation. Total RNA was
isolated using Trizol Reagent (Invitrogen) according to the
manufacturer’s instructions. Then these RNA samples were
sent to Analytical & Testing Center at Institute of Hydrobiology, Chinese Academy of Sciences (http://www.ihb.ac.cn/
fxcszx/) for the verification of RNA integrity. Then one RNA
sample from each group was collected for pair-ends transcriptome sequencing under the Illumina Genome Analyzer
IIx platform. The sequencing data have been deposited in
NCBI Sequence Read Archive (SRA, http://www.ncbi.nlm
.nih.gov/Traces/sra/) with the accession number SRP032958.
2.4. Read Alignment with TopHat and RNASEQR. Raw
data were mapped to the mouse reference genome (mm10
downloaded from UCSC) using TopHat (version 2.0.3) and
RNASEQR (version 1.0.2) software, respectively [12, 13]. Prebuilt genomic indices were created by bowtie and provided to
the alignment software for reads mapping. TopHat removes
a few low-quality score reads then aligns the reads that are
directly mapped to the reference genome. It then determines
the possible location of gaps in the alignment based on
splice junctions flanking the aligned reads and uses gapped
alignments to align the reads that were not aligned by
Bowtie in the first step. Compared with other alignment
tools, RNASEQR takes advantages of annotated transcripts
and genomic reference sequences to obtain high quality
mapping result by the three sequential processing steps. It
aligns the RNA-seq sequences to a transcriptomic reference
firstly, then detects novel exons and identifies novel junctions
using an anchor-and-align strategy finally. The output of
Tophat can be the input of Cufflinks, while the output of
RNASEQR can be converted as the input for Cufflinks using
the convert RNASEQRSAM to CufflinkSAM.py script.
2.5. Transcriptome Reconstruction. Aligned reads from
TopHat and RNASEQR were assembled by Cufflinks
(version 2.0.2), an ab-initio tancscriptome assembler that
reconstructs the transcriptome based on RNA-seq reads
aligned to the genome with a spliced read aligner. To obtain
transcriptome assemblies from the aligned reads, we run
Cufflinks with default parameters. After that, normalized
expression levels were estimated and reported as FPKM
(Fragments Per Kilobase of exon per Million fragments
mapped). As several assembled transcripts were obtained
from each sample, we used Cuffmerge to assemble them into
a comprehensive set of transcripts for further downstream
differential expression analysis.
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Table 1: Primers used for qPCR validation.

Gene
Actin, beta
Cyp11a1
Cyp17a1
Prm2
Tex15
Adam9
Dazl

Primer sequence (5 -3 )
Forward: CTGTCGAGTCGCGTCCACCC
Reverse: ACATGCCGGAGCCGTTGTCG
Forward: AGATCCCTTCCCCTGGTGACAATG
Reverse: CGCATGAGAAGAGTATCGACGCATC
Forward: CCAGGACCCAAGTGTGTTCT
Reverse: CCTGATACGAAGCACTTCTCG
Forward: CAAGAGGCGTCGGTCA
Reverse: TGGCTCCAGGCAGAATG
Forward: ATTTGAGTGGCACAGAC
Reverse: AGTATTGGGATTTGGAG
Forward: CGCTTAGCAAACTACCTG
Reverse: TTCCCGCCACTGAACAA
Forward: GGAGGCCAGCACTCAGTCTTC
Reverse: AGCCCTTCGACACACCAGTTC

2.6. Differential Expression Analysis. In order to determine
the differentially expressed transcripts within the dataset, we
used Cuffdiff, a separate program included in Cufflinks, to
calculate expression in two or more samples and test the
statistical significance of each observed change in expression
between them. Cuffdiff reports numerous output files containing the results of the differential analysis of the samples,
including genes and transcripts expression level changes,
familiar statistics such as log2 -fold change, 𝑃 values (both
raw and corrected for multiple testing), and gene-related
attributes such as common name and genome location. The
differentially expressed genes were clustered and visualized
by TreeView [14]. Functional annotations of these genes were
performed by the DAVID bioinformatics resources [15] and
WEB-based GEne SeT AnaLysis Toolkit (WebGestalt) [16].
Downstream enrichment analyses such as TF binding sites
in promoter regions and microRNA sites in 3 -UTRs were
performed using Expander (version 6.0.5) [17], and the
miRNA-target gene network was constructed by Cytoscape
[18].
2.7. qPCR. qPCR analyses were performed to validate the
results of RNA-seq. The reverse transcription is synthesized
using RevertAidTM First Strand cDNA Synthesis Kit from
Fermentas according to the manufacturer’s instructions.
The PCR primers were designed with Primer Premier 5.0
software and 𝛽-Actin was used as a reference gene. The
primer sequences, melting temperatures, and product sizes
are shown in Table 1. qPCR was performed on iQ5 Real Time
PCR Detection System (Bio-Rad) (Bio-Rad, USA) using
SYBR Green Realtime PCR Master Mix (TOYOBO CO., LTD,
Japan) as the readout. Three independent biological replicates
of the control and cadmium treated groups were included in
the analysis and all reactions were carried out in triplicates.
Data was analyzed by the 2-ΔΔCT method [19].
2.8. Statistical Analysis. Besides those statistical tools embedded in the bioinformatics software and resources, additional
statistical analyses were performed using GraphPad Prism

Target size (bp)

Tm (∘ C)

128

59

192

60

250

59

167

59

194

59

147

59

184

60

(Version 5.00). Cadmium treated groups were compared with
the control groups by unpaired Student’s t-test. 𝑃 < 0.05 was
considered statistically significant.

3. Results
3.1. Cadmium Accumulated in Mouse and Inhibited the Testosterone. After six-month cadmium-exposure treatment, all
animals survived with the slight loss of body weight for the
treated groups (Figure 1(a)) and did not show abnormalities
or other health problems. We first tested the concentration
of cadmium in serum and testis for each of the groups. As
expected, cadmium concentration was significantly increased
in proportion to the exposure level both in serum and testis
(Figures 1(b)-1(c)). We examined the level of serum testosterone, which is essential for normal spermatogenesis and
other reproductive processes. Results showed that cadmium
exposure significantly reduced the level of serum testosterone
in high dose cadmium treated mouse compared with the low
and control mouse (Figure 1(d)).
3.2. The Next-Generation Transcriptome Sequencing. To
determine the molecular events during cadmium exposure,
we performed RNA-seq on testis samples of treated and
untreated mice. Raw data of 80 million, 36-bp pair-ends
reads were obtained and aligned to the mouse reference
genome by TopHat and RNASEQR software [12, 13], resulting
in, on average, 71% of the reads mapped to the reference
genome with 57% unique mapped reads. Then, both the
unique and multiple mapped reads were kept as Cufflinks
can handle the multimapped reads by uniformly dividing
each multimapped read to all of the positions it maps
to and calculating initial abundance. Then the mapped
reads were assembled for reconstructing transcriptome and
estimating expression abundance by Cufflinks. The results
of estimated normalized expression levels were reported
as FPKM (Fragments Per Kilobase of exon per Million
fragments mapped). Overall, a total of 27600 transcripts
on average were successfully reconstructed from each
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Figure 1: Body weights, level of cadmium in serum and testis, and serum testosterone. Mice were treated with different level of CdCl2 in
their rodent chow for six months. (a) Body weights were measured per week during cadmium treatment. The level of accumulated cadmium in serum (b) and testis (c) were measured using the graphite furnace atomic absorption spectrometry (GFAAS) method. The levels
of serum testosterone (d) were measured by ELISA. Data was shown as mean ± standard deviation (𝑛 = 5). (∗∗ 𝑃 < 0.01, ∗∗∗ 𝑃 < 0.001,
Student’s t-test).

group and mapped to the annotated genomic loci. For
example, the genes on chr11:69,594,778–70,305,335 were
reconstructed (Figure 2(a)) and the intergenic transcribed
regions were pervasively detected compared with the mouse
gene reference annotations (Figure 2(b)). Figure 2(c) shows
a representative example histogram of read coverage versus
a genomic loci containing the adam24 gene.
3.3. Differentially Expressed Genes Analysis. After reads mapping, transcripts assembling, and expression level calculating,
we next sought to identify differentially expressed genes
between samples with different treatment. By using Cuffdiff,
two expression profiles were obtained from different mapping
software. We then compared them and combined the overlapped differentially expressed genes. Genes with q value <
0.05 were considered to be differentially expressed. Finally, a
total of 830 genes were identified as differentially expressed

(Table S1 available online at http://dx.doi.org/10.1155/2014/
529271). In detail, there were 283 differentially expressed
genes between high and low groups (103 upregulated and
180 downregulated), 401 genes between high and control
groups (137 upregulated and 264 downregulated), and 145
genes between low and control groups (61 upregulated and 84
downregulated), respectively (Figure 3(a)). All the differentially expressed transcripts were hierarchically clustered and
the results showed that the distinct gene expression pattern
was associated with cadmium exposure level, although the
low and control groups exhibited a more similar expression
pattern than the high group, probably because we used quite
low dose of cadmium to treat the low group (Figure 3(b)).
In order to gain a comprehensive impact assessment of
cadmium exposure on testicular gene expression, all biochemical pathways that altered in response to cadmium
exposure were identified by comparing the ontology of all the
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Figure 2: Testicular transcriptome reconstruction of RNA-seq under mouse reference annotation. (a) The genes on chr11:69,594,778–
70,305,335 were reconstructed as examples. (b) The intergenic transcription was detected beyond the reference annotation. (c) Read coverage
of Adam24 gene on chr8 was shown.

genes differentially expressed between samples. Here, 373 differentially expressed genes annotated by UCSC and Ensembl
of the 830 genes were performed with gene ontology enrichment analysis and functional classification. These genes were
classified into several ontology categories according to their
function in various biological processes (Figure 3(c)). Consistent with previous reports, some ontology categories that
are implicated in cadmium toxicity to testis were confirmed
in our study, such as genes involved in immunity, cell cycle,
toxin, oxidation reduction, and metabolism [7].
Notably, the most enriched ontology category contains
the genes associated with regulation of transcription. Genes
that are involved in many classical signaling transduction
pathways are modulated, such as Nfat5, E2f2, Fos, Junb,
Notch1, and Stat4. In addition, we observed that abnormal

epigenetic regulation occurred during cadmium exposure.
Some of the differentially expressed genes involved in DNA
methylation and histone modification are those with DNA
methyltransferase, histone methyltransferase, acetyltransferase, or deacetylase activities, including Crebbp, Dmap1,
Prdm9, Setd2, Prmt7, and Hdac2. Thus, both the transcriptional program and epigenetic patterns are supposed to be
misregulated and implicated in cadmium caused reproductive toxicity.
Importantly, we also identified several novel and specific pathways modulated by cadmium exposure, including homeostasis of hormone (Table 2), gamete generation,
and sexual reproduction (Table 3). Among these pathways,
we noticed that similar functional categories shared the
same differentially expressed candidate genes between them.
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Figure 3: Cadmium modulated differentially expressed genes analysis. (a) The number of genes differentially expressed between the high
level cadmium treated, low level cadmium treated, and control groups. (b) Hierarchical clustering analysis of gene expression profiles. Each
column represents one mouse, and each horizontal line refers to a gene. Color legend is on the top-left of the figure. Yellow indicates genes
with a greater expression relative to the geometrical means; blue indicates genes with a lower expression relative to the geometrical means.
(c) Biological process Gene Ontology (GO) analysis of differentially expressed genes.

The reproduction associated functional categories comprise
16 annotated genes, most of which were inhibited due to cadmium exposure. For example, Fndc3a, Dazl, Kitl, Tex15, and
Zfx were downregulated with the fold changes ranging from
−2.6 to −4.5. Since these genes are critical for spermatogenesis, germ cell development, or junctions between Sertoli cells
[20–26], we speculated that cadmium induced testicular toxicity through targeting and downregulating these genes. The

hormone related categories contained six genes, half of which
were induced. In particular, the rest of three downregulated
genes, named Star, Cyp11a1, and Cyp17a1, were specifically
responsible for testosterone synthetic. The downregulation of
these genes may contribute to the reduction of serum testosterone in response to cadmium exposure. Collectively, these
findings suggested that cadmium impaired the reproductive
process and spermatogenesisand also potentially modulated
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Table 2: Regulation of hormone level related genes.

Gene symbol

Description

Adh1
Cyp11a1
Cyp17a1

Alcohol dehydrogenase 1 (class I)
Cytochrome P450, family 11, subfamily a, polypeptide 1
Cytochrome P450, family 17, subfamily a, polypeptide 1
Renin 1 structural; similar to renin 2 tandem duplication of Ren1;
renin 2 tandem duplication of Ren1
Retinol saturase (all trans retinol 13, 14 reductase)
Steroidogenic acute regulatory protein

Ren1, Ren2
Retsat
Star

Fold change

Q value

3.806345
−7.197441
−4.438219

0.005
5.57𝐸 − 08
0.0001

7.678866

0.016

4.603697
−5.377734

0.025
5.57𝐸 − 05

Table 3: Regulation of reproductive process related genes.
Gene symbol
Adam24
Adam25
Adam26a
Dazl
Fndc3a
Kitl
Prm2
Qk
Sycp2
Tex15
Txndc3
Zbtb16
Zfp37
Zfx
Zan

Description
A disintegrin and metallopeptidase domain 24 (testase 1)
A disintegrin and metallopeptidase domain 25 (testase 2)
A disintegrin and metallopeptidase domain 26A (testase 3)
Deleted in azoospermia-like
Fibronectin type III domain containing 3A
Kit ligand
Protamine 2
Similar to Quaking protein; quaking
Synaptonemal complex protein 2
Testis expressed gene 15
Thioredoxin domain containing 3 (spermatozoa)
Zinc finger and BTB domain containing 16
Zinc finger protein 37
Zinc finger protein X-linked; similar to zinc finger protein
Zonadhesin

the normal hormone levels during the toxic response to
cadmium in testis.
Besides, 9 KEGG signaling pathways were affected by cadmium exposure by mapping the differentially expressed genes
to the KEGG database. Those modulated signaling pathways
were comprised of ribosome, Alzheimer’s disease, asthma,
oxidative phosphorylation, focal adhesion, ECM-receptor
interaction, C21-Steroid hormone metabolism, metabolic
pathways, and prostate cancer (Table 4). Among these overrepresented pathways, according to functional hierarchies in
KEGG, pathways of asthma are associated with the immune
system. ECM-receptor interaction corresponds tosignaling
molecules and interaction. Focal adhesion and ribosome
are associated with cell communication and translation,
respectively. Three modulated pathways, C21-Steroid hormone metabolism, oxidative phosphorylation, and metabolic
pathways, are associated with metabolism, indicating the
basal metabolism of cells in testis are affected. Altogether, our
results reflected that multiple cellular and molecular mechanismsare modulated during cadmium exposure.
3.4. Validation of RNA-Seq Data by Quantitative Real Time
PCR (qPCR). To confirm the changes in gene expression
observed by RNA-seq, we performed qPCR analysis on
three reproductions (Prm2, Tex15, and Dazl), two hormones
(Cyp11a1 and Cyp17a1) associated with functional categories

Fold change
−2.872645
−2.736529
−3.429332
−3.38705
−2.636543
−4.289398
1.169034
−3.974115
−2.977031
−2.926283
−2.973916
−6.408031
−3.430625
−4.58343
−3.605458

Q value
0.038
0.048
0.023
0.01
0.044
0.044
0
0.006
0.031
0.0298951
0.017
0.011
0.004
0.027347
0.00578172

Table 4: Modulated KEGG pathways.
Pathway name
Ribosome
Alzheimer’s disease
Asthma
Oxidative phosphorylation
Focal adhesion
ECM-receptor interaction
C21-steroid hormone metabolism
Prostate cancer
Metabolic pathways

Number of
genes

Corrected P
value

17
11
2
9
10
7
2
6
37

5.54𝐸 − 12
0.0246
0.0486
0.0419
1.73𝐸 − 4
1.15𝐸 − 4
0.0106
0.00868
0.0059

genes, and a randomly selected gene named Adam9. qPCR
results showed that these genes are significantly differentially
expressed (𝑃 < 0.05) and exhibited the similar expression
status compared to RNA-seq and conformed that Tex15, Dazl,
Cyp11a1, and Cyp17a1 were inhibited by cadmium treatment
(Figure 4).
3.5. Transcriptional and Posttranscriptional Control of Cadmium Modulated Genes. In an effort to uncover the potential regulatory mechanism underlying the transcription of
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Table 6: MicroRNAs enriched at 3 -UTR region of the differentially
expressed genes.

log2 fold-change

3
2
1

MicroRNA

0

−1
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−3

Cyp11a1 Cyp17a1 Tex15

Adam9

Dazl

Prm2

RNA-seq
qPCR

Figure 4: qPCR validation of the RNA-seq data. log2 -fold change
determined from the relative Ct values of six genes were compared
to those detected by RNA-seq. Replicates (𝑛 = 3) of each sample
were run and the Ct values averaged. All Ct values were normalized
to beta-actin. 𝑃 values of the Q-PCR data are 0.002 (Cyp11a1),
0.02 (Cyp17a1), 0.012 (Tex15), 0.014 (GLRX2), 0.008 (Adam9), 0.016
(Dazl), and 0.014 (Prm2), respectively.
Table 5: Enrichment of transcription factors across the promoter
regions of differentially expressed genes.
Transcriptional factors
ETF
NKX3A
Nrf-1
HMGIY
SRY
ZF5
FOXJ2
OCT-1
E2F-1
LUN-1
FOXP1
AP2

Number of genes
193
178
170
140
328
199
153
229
226
35
319
169

Corrected P value
4.37𝐸 − 16
0.007
6.53𝐸 − 4
0.009
3.49𝐸 − 4
2.05𝐸 − 7
7.62𝐸 − 5
1.12𝐸 − 4
2.24𝐸 − 7
0.043
7.31𝐸 − 7
0.014

the cadmium modulated gene sets, we performed transcription factor binding sites analysis within the promoters and
microRNA targets analysis of the cadmium modulated genes.
Promoter regions for positions of −1000–+200 of the TSS
across the cadmium modulated genes were predicted for the
binding sites enrichment of several transcription factors (𝑃 <
0.05, Bonferroni test) (Table 5). Gene ontology analysis of
these transcription factors revealed that they were involved
in multiple biological processes containing regulation of cell
cycle, hormone secretion, organ morphogenesis, reproductive process, neurogenesis, and response to stimulus, which
were in accordance with the biological processes associated
with the differentially expressed genes regulated by these
transcription factors (Figure 5(a)).
We next performed microRNA targets analysis of the
differentially expressed genes for further investigating the
posttranscriptional control of them. A total of 10 microRNAs
were identified as significantly enriched at 3 -UTR region of
the differentially expressed genes (FDR < 0.05) (Table 6). By

Mir-142-3p
Mir-342/342-3p
Mir-196ab
Mir-874
Mir-124/506
Mir-30a
Mir-124/506
Mir-153
Mir-25/32/92/92ab/363/367
Mir-448

Number of
targeted genes

FDR

6
5
5
4
5
3
11
4
3
4

0.001
0.0015
0.0025
0.003
0.0135
0.0075
0.0205
0.0265
0.0195
0.006

evaluating the microRNAs-Target-Network generated from
the above information, it is implicated that a number of
altered genes expression in this study may be regulated by the
common microRNAs (Figure 5(b)), indicating their potential
roles in regulating the reproductive process in response to
cadmium exposure.

4. Discussion
Cadmium has been suggested to be anenvironmental and
occupational toxic heavy metal that causes several diseases
and toxically targets the lung, the liver, the kidney, the
bone, the cardiovascular system, the immune system, and
the reproductive system [2]. Here, in order to uncover the
exclusive molecular mechanism of the mouse reproductive
toxicity caused by chronic cadmium exposure, we simulated
the conditions of cadmium pollution in human by treating
the mouse with different doses of cadmium for 6 months. We
observed cadmium exposure significantly reduced the level of
serum testosterone. As a member of androgens, testosterone
brings about its biological functions through associations
with androgen receptor (AR), leading to AR transactivation
which then results in the modulation of AR downstream gene
expressions [27]. While the difference of testosterone seems
to be small, such difference may lead to significantly downstream effects through the cascade signal transduction and
transcriptional regulation of many genes by androgen receptor.
We next used RNA-seq to analyze the transcriptome of
mouse testis affected by cadmium. We found a total of 830
genes and transcripts that were differentially expressed. Gene
Ontology analysis revealed that these genes were enriched in
several biological processes, in which the genes related to the
reproductive process were paid more attention. For example,
Fndc3a was reported to be required for adhesion between
spermatids and Sertoli cells during mouse spermatogenesis
[20]. Loss of Tex15 function causes early meiotic arrest
in male mice, and Tex15-deficient spermatocytes exhibit a
failure in chromosomal synapsis and DNA double-strand
breaks are impaired [21]. In human, the deletion of DAZ

BioMed Research International

9
Unclassified
Growth
Multi-organism process
Reproduction
Localization
Cellular component organization
Death
Cell proliferation
Cell communication
Response to stimulus
Developmental process
Multicellular organism reproduction
Biological regulation
Metabolic process
All
0

10
20
30
Number of genes

40

(a)

Igf2bp1

Ccdc47

B930041F14Rik Zfp239 25/32/92/92ab/363/367
Btg2
Iqgap2
Egr1

mir-196ab
Col1a2

Ptpro

Atp8b4

Birc6

mir-342/342-3p
Kirrel3
Runx1t1

Tmtc2

Anks1b

Kcnk3

mir-124/506

mir-448

Hapln1
mir-874

Ryr3

Fzd5

Itpr3

Rock1

Pgf

mir-153

Sh3d19

Irs4

Crtam

Afap1l2

Arfgef1

Akt1s1

Rab40c

mir-30a

mir-142-3p
Pik3r6

Rgl2
Gfi1

4921528l01Rik
mir-376c

Eml1
Abca1

Ccdc38

Oxtr
(b)

Figure 5: Transcriptional regulation analysis of the differentially expressed genes. (a) Biological process gene ontology analysis of the
transcription factors that regulate the gene expression. (b) MicroRNA-target gene network. Red circles represent microRNAs; green circles
represent the target genes.

cluster is associated with azoospermia and oligospermia in
5–10% of infertile men [22], and disruption of the Dazla
gene leads to loss of germ cells and complete absence of
gamete production [23]. In mouse, Dazl is required for
embryonic development and survival of XY germ cells [24].
Kitl mutant mice exhibited reduced testis size due to aberrant spermatogonial proliferation, affecting the formation
of tight junctions between Sertoli cells during postnatal
development [25]. The zinc-finger proteins ZFX mutant
mice were smaller and less viable and had fewer germ cells
than wild-type mice [26]. Altogether, we supposed that the
cadmium could cause the impairment of spermatogenesis
and testicular toxicity through the repression of these genes.
In addition, we identified six hormone related genes that

were modulated by cadmium. We observed the decrease of
expression for Star, Cyp11a1, and Cyp17a1, which were in
accordance with a previous study [28]. As these genes encode
the primarily testosterone synthetic enzymes, it is likely
that the cadmium perturbed the spermatogenesis through
repressing the synthesis of testicular testosterone as well.
Combined with other modulated functional categories such
as immunity, cell cycle, transcription, epigenetic regulation,
and metabolism, the molecular mechanisms of cadmium
caused male reproductive toxicity are implicated in multiple
layers of deregulation of several biological processes.
Further, we computationally analyzed the transcriptional
and posttranscriptional control of the differentially expressed
genes. We found several transcriptional factors were enriched
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with the binding sites at the promoter regions of some gene
sets. These binding events should be verified by further
ChIP experiments. While these transcriptional factors were
unable to be detected as statistically significantly differentially
expressed between the samples, it is likely that the slight
change of expression ultimately led to the significant expression change of their targets. We also predicted the microRNAs with the binding possibility of some sets of cadmium
modulated genes. We identified 10 microRNAs targeted to
the differentially expressed genes, the regulatory roles of
which in testis response to cadmium could be explored
by their expression patterns and the gain- or loss-of-function
studies in the future.
In summary, our study demonstrated that many genes
in testis were modulated due to chronic cadmium exposure.
In particular, aside from the genes related to the functional
categories previously reported, we identified novel pathways
and the potential transcriptional regulatory mechanism on
the cadmium modulated genes. These findings provide evidence for the elucidation of the molecular mechanism linking
the chronic cadmium exposure to the impairment of male
reproductive system and the clues for future studies of
potential biomarkers and therapeutic targets for cadmium
exposure.
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RNA-Seq is emerging as an increasingly important tool in biological research, and it provides the most direct evidence of the
relationship between the physiological state and molecular changes in cells. A large amount of RNA-Seq data across diverse
experimental conditions have been generated and deposited in public databases. However, most developed approaches for
coexpression analyses focus on the coexpression pattern mining of the transcriptome, thereby ignoring the magnitude of gene
differences in one pattern. Furthermore, the functional relationships of genes in one pattern, and notably among patterns, were
not always recognized. In this study, we developed an integrated strategy to identify differential coexpression patterns of genes and
probed the functional mechanisms of the modules. Two real datasets were used to validate the method and allow comparisons
with other methods. One of the datasets was selected to illustrate the flow of a typical analysis. In summary, we present an
approach to robustly detect coexpression patterns in transcriptomes and to stratify patterns according to their relative differences.
Furthermore, a global relationship between patterns and biological functions was constructed. In addition, a freely accessible web
toolkit “coexpression pattern mining and GO functional analysis” (COGO) was developed.

1. Introduction
High-throughput RNA sequencing (RNA-Seq) is a revolutionary technology in the postgenome era. RNA-Seq rapidly
generates transcript sequences and provides more detailed
information than microarray-based technologies. RNA-Seq
has the ability to reconstruct a complete map of the transcriptome in different cell types or physiological conditions [1, 2].
The dynamic transcriptome of cells is an important molecular
signature that can represent the physiological state of different
tissues, facilitating an understanding of the mechanism of
gene regulation. RNA-Seq technology is becoming increasingly common as the sequencing cost is reduced and the
accuracy is improved. More studies use RNA-seq technology,

resulting in a series of RNA-Seq datasets across multiple
related experimental conditions, such as in comparisons of
multiple tumor subtypes or the effect of the concentration of a
drug. Genes that exhibit similar responses to external stimuli
are potentially controlled by similar regulatory mechanisms
[3]. Therefore, it is important to monitor the expression pattern of genes and to discover the genes that are coexpressed
among multiple conditions. These coexpression patters could
describe the biological regulatory relationships of these genes.
Since the emergence of RNA-Seq technology, many differential expression (DE) analysis methods based on RNASeq data have been developed, such as Cuffdiff [4], DESeq
[5], edgeR [6], and SAMseq [7]. These methods have been
extensively used for differential expression analysis between
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two conditions. Numerous genes related to specific biological
functions have been found by these bioinformatics methods
and confirmed by follow-up biological experiments [8, 9].
However, the DE methods described above were developed
for pairwise comparisons, creating cumbersome, and confusing analyses when processing data from more than two
conditions. In addition, a functional analysis was performed
for only the DE genes that were isolated from the whole
transcriptome, overlooking useful additional gene expression
information. Because of the gene dosage effect, genes that
are only slightly differently expressed may still provide useful
information as a measure of functional status [10, 11]. Even
the overlooked stably-expressed genes may be more essential
for the survival of an organism [12].
Therefore, we developed an integrated strategy for differential coexpression pattern and GO function mining
(COGO) for a RNA-Seq data series. The COGO strategy
enables the biologist to view the data from a global perspective (Figure 1). First, the characteristic attributes should
be extracted from the expression values of a series of
RNA-Seq datasets. Second, the expression patterns can be
established and stratified according to feature attributes
that were extracted. Finally, functional enrichment analyses
are performed for each category to determine significant
function terms and the functional relationships of different
GO terms that are obtained by measuring their functional
semantic similarity [13]. The algorithms used in COGO are
detailed in Section 2 and in Figure 1.
To illustrate a typical analysis, we applied a published RNA-Seq dataset obtained from the Gene Expression
Omnibus (GEO) that contains three biological conditions
[14]. The results indicated that genes coexpressed in specific categories could represent the response and stability
of biological functions to the experimental conditions. In
addition, a web toolkit, “COGO”, was developed based on
this method (http://202.97.205.74:8080/COGO). Users of this
toolkit submit a profile of RNA-Seq data and receive stratified
gene coexpression categories and the affected functional
modules.

2. Methods
2.1. Differences in Gene Expression among Multiple Groups.
Gene expression levels were quantified and normalized as
FPKM/RPKM measurements. The Cufflinks package was
used to calculate gene expression values using default settings
[15]. Then, the average gene expression level was calculated
for the experimental replicates. To identify coexpression
patterns of a series of RNA-Seq libraries with 𝑀(𝑀 ≥ 3)
experimental conditions in one study, we first quantified
gene expression differences among multiple conditions. We
defined 𝑒𝑖,𝑗 as the expression value of gene 𝑖 = {1, . . . , 𝑁}
of condition 𝑗 = {1, . . . , 𝑀}, where 𝑁 is the number of
genes in the dataset. We adopted a method that was based
on Shannon’s Entropy (SE). SE has been used previously to
identify DE genes and alternative splicing in gene expression
data [16]. In this procedure, SE was introduced to measure
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the differences in gene expression values across experimental
conditions and was defined as follows:
𝑀

SE𝑖 = − ∑

𝑗=1

𝑎𝑒𝑖,𝑗
𝑆𝑖

log2 (

𝑎𝑒𝑖,𝑗
𝑆𝑖

).

(1)

A tiny value 𝛼 was added to the expression value 𝑒𝑖,𝑗 to avoid
0 values. The new expression value was 𝑎𝑒𝑖,𝑗 = 𝑒𝑖,𝑗 + 𝛼, and the
sum of the expression value of gene 𝑖 among 𝑀 experimental
conditions was calculated as 𝑆𝑖 = ∑𝑀
𝑗=1 𝑎𝑒𝑖,𝑗 .
2.2. Attributes Extraction according to Gene Expression Trends.
SE could measure differences in variable elements, but was
unable to determine the specific expression patterns within a
calculation unit. Therefore, we introduced a pattern mining
method based on a derivation method of polynomial curve
fitting (DPCF) to describe the expression patterns of a
specific gene among multiple conditions [17]. To facilitate
the pattern mining of genes, the gene expression values were
normalized because the polynomial fitting coefficients and
fitted values are positively correlated. We defined a new
dimensionless expression value, 𝑒𝑛𝑖,𝑗 = 𝑎𝑒𝑖,𝑗 𝑀/𝑆𝑖 , as the gene
relative-expression level among multiple conditions. Then,
the polynomial fitting formula was defined as 𝑦 = 𝑓𝑖 (𝑥),
𝑥 ∈ (1 ⋅ ⋅ ⋅ 𝑗 ⋅ ⋅ ⋅ 𝑀). The derivative is a measure of how a
function changes and the response of the curve trend as
the inputs change. Therefore, the derivative function value
of each experimental point was obtained from the following
clustering attribute formula:
Der𝑖 = 𝑓𝑖 (𝑥) ,

𝑥 ∈ (1 ⋅ ⋅ ⋅ 𝑗 ⋅ ⋅ ⋅ 𝑀) .

(2)

The changes in the gene expression trend between successions
of conditions could be represented by Der𝑖 . The arrangements
of data should influence the discovery of the effect of
expression patterns. Therefore, the order of the data must
be consistent with the properties of the study, for example,
sorting data according to a drug concentration gradient or
tumor stages of development.
2.3. Clustering to Mine Coexpression Patterns. The determination of DE genes was obscured by the fact that a 2-foldchange may not be more meaningful than a 1.5-fold-change
at the level of biological function. Therefore, we aimed to discover the expression patterns that led to different phenotypes.
A hierarchical clustering method was applied, which sought
to create a hierarchy of clusters in an unsupervised classifier
[18]. To decide which genes should be combined in a cluster, a
measure of dissimilarity in the sets of attributes was obtained.
A distance matrix was constructed with 𝑀 + 1 attributes
and 𝑁 genes, and then the hierarchical clusters were built
by progressively merging clusters. To construct a relatively
objective map of the transcriptome, the default value for the
cluster number (CN) was defined as follows:
CN = ⌊(𝑀 + 1)⌋ log10 𝑁.

(3)

However, we zoomed in/out of the map by changing the value
of CN(1 < CN < 𝑁) if rigorous expression patterns were
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Figure 1: A schematic overview of COGO. A series of RNA-Seq data with three conditions was selected to illustrate the analysis process.
The characteristic attributes “Der” and “SE” were extracted by a derivation method of polynomial curve fitting (DPCF) and by Shannon’s
Entropy (SE) models, respectively. Gene categories can then be established through clustering. A functional enrichment analysis was then
performed for the categories to determine significant functions. Finally, the semantic similarity measurement was conducted to identify
functional modules.

needed for detailed analysis. Then, categories of coexpression
genes were obtained and represented as 𝐶𝑛 (1 < 𝑛 <
CN), and the gene number of category 𝐶𝑛 is 𝑁𝑛 . The gene
expression patterns of categories were represented by the
average of the gene relative-expression level, which is defined
𝑁
as 𝐴𝑒𝑛𝐶𝑛,𝑗 = ∑1 𝑛 𝑒𝑛𝑖,𝑗 /𝑁𝑛 , 𝑗 ∈ (1 ⋅ ⋅ ⋅ 𝑀). Therefore, stably
expressed and unstably expressed categories among multiple
conditions were divided by the following criteria:
max (𝐴𝑒𝑛𝐶𝑛,𝑗 )

≤ 𝛽, Stable expressed,
{
min (𝐴𝑒𝑛𝐶𝑛,𝑗 ) > 𝛽, Unstable expressed,

𝑗 ∈ (1 ⋅ ⋅ ⋅ 𝑀) ,
(4)

where 𝛽 was defined as the Relative Average Expression
Difference (RAED) and was set to 1.2 as default, which is more
stringent than the fold-change cutoff value of “2” and can be
defined by users [19].
2.4. Global Functional Enrichment Analysis. To explore the
biological relationships of genes in the categories obtained
by our method, a functional enrichment analysis (FEA) was
introduced for the gene categories using DAVID [20]. The
goal of the enrichment analysis was to determine which
biological functions might be predominantly affected in
the set of genes with identical expression patterns among
different experimental conditions [21]. We established the
Gene Ontology categories as the background knowledgebase
of the FEA to acquire the functional annotating concepts for

each gene category and arrive at a profile of the biological
function or mechanisms. Performing a FEA on all categories
was meaningful because we were able to explore the effect
of external factors or physiological state on the stability of
gene expression or on the biological function. To elucidate
the mechanisms of regulation, a semantic similarity measurement in GO terms was conducted to identify functional
modules [13].

3. Application and Results
3.1. Data Acquisition. To examine the newly developed
expression pattern classifying method, published RNASeq data were obtained from the GEO (http://www.ncbi
.nlm.nih.gov/geo/, accession number GSE33782). The data
contains three RNA-Seq libraries from a colorectal cancer
patient: cancer (C), paracancer (P), and distant normal tissues
(N). To avoid potential biases, the datasets were filtered
according to the status code provided by the Cufflinks and the
FPKM value; all expression levels for a specific gene among
samples were reliable (status code is OK), and the average of
the gene’s FPKM among samples was greater than 2. In total,
11,969 genes were detected as expressed in at least one of the
samples (see Table S1).
3.2. Coexpression Pattern Mining. The characteristic
attributes were computed and genes were clustered into
16 categories using the defined formula (see Section 2).
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Figure 2: Gene expression pattern classification results of the colon RNA-Seq dataset. (a) A chart showing gene expression patterns among
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the standard deviation. (b) The hollow dots represent the mean of SE for each category; error bars show the standard deviation. (c) The
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The results showed that the genes with similar expression
patterns among different types of tissues clustered into
identical categories (Figure S1(a)). For example, transcripts
in C1 were absent in or at a very low level in normal
tissues and paracancer tissues; however, these transcripts
were expressed at relatively high levels in cancer tissues
(Figure 2(a)). Similarly, genes in C2 were expressed at
low levels in paracancer tissues and cancer tissues, but
were expressed at high levels in normal tissues. In general,
the gene expression differences among the three types of
tissues gradually reduced from C1 to C16 (Figure 2(a)). We
conducted a statistical analysis of the number of gene and
average entropy of each category and then calculated the
category frequency over the total number of genes. The
mean of the SE of the categories gradually increased, which
represents a decrease in the expression difference treads
from C1 to C16 (Figure 2(b)). The majority of the genes

were gathered in higher-numbered categories, which was
in agreement with real biological situations (Figure 2(c))
[22]. The gene expression differences of the categories
were determined using a stringent default value. The
results showed that the top 14 categories accounted for
51.2% of the total genes and had differences in various
degrees, and 48.8% of genes in the last two categories
were stably expressed. These results indicated that the
expression levels of most genes were relatively stable among
different physiological states; this finding is consistent
with the assumption that most genes are equivalently
expressed at different conditions [22, 23] (Figure 2(c)).
Furthermore, the number of significant upregulated genes
exceeded the downregulated genes. The overrepresentation
of upregulated gene transcripts is likely because of the
metabolic exuberant state of cancer cells promoting related
genes to be upregulated. Therefore, upregulated genes may be
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Figure 3: The functional relationship network of categories and
enriched GO terms for the biological process category. The enriched
GO terms of C15 and C16 are indicated by blue circles, and the
other categories are indicated by red circles. The bar charts represent
the expression pattern of the category. This figure was constructed
to show the overall relationship of GO functions to gene patterns
and gene patterns to gene patterns. More detailed GO terms are
presented in Table S2 in Supplementary Material available online at
http://dx.doi.org/10.1155/2014/969768.

more involved in the process of tumor formation compared
to downregulated genes (Figures 2(a) and 2(c)).
3.3. Functional Enrichment Analysis. Most cancers, including
colon cancer, are complex and can be caused by multiple
genes and interactions. With the advance of high throughput
technologies, it is now feasible to reverse engineer the
underlying genetic networks that describe the interplay of
molecular elements that lead to complex diseases. To explore
the biological relationship of coexpressed genes obtained by
our method, a FEA was performed for the gene categories
using DAVID [20]. The gene ontology (GO) analysis revealed
that not every category was significantly enriched for GO
terms, but the number of GO terms that were significantly
enriched in C15 and C16 substantially exceeded the other
categories (Figure 3, Figure S2, and Figure S3). This finding
suggested that the majority of the core physiological function
of the cell remains stable, such as “cell death” and the “cell
cycle.” The FEA identified 23% of the significantly enriched
terms in the biological process category to be associated with
dysfunctional terms (see Table S2). However, the percent of
dysfunctional terms (23%) is not proportional to the percent
of differentially coexpressed genes (51.2%). This indicated
that the abnormality of colon cell proliferation is because
of the abnormal expression of related genes, but there were
differentially expressed genes independent of experimental
factors. To elucidate the mechanism of gene regulation,
a functional relationship in enriched GO terms can be
discovered by measuring their functional semantic similarity.
Although we chose a relatively lenient cluster number by
default, we still discovered enriched GO terms consistent
with previous studies, such as “ectoderm development,”
“collagen catabolic process,” and “cell migration” [24, 25].

Some functional modules were identified for specific
categories, such as functions related to “development,”
“metabolic process,” and “migration” (Figure 4). For
example, the significant GO terms in the biological process
category in C1 can be classified into 5 functional modules
by the GO semantic similarity method and summarized by
keywords; the “development” subtype, including “ectoderm
development,” “epidermis development,” “vasculature
development,” “blood vessel development,” and “skeletal
system development,” is relevant to cancer development
(Figure 4) [26–28]. Therefore, causative agents of cellular
state can be deduced from the subset of differentially
coexpressed genes.

3.4. Comparisons of Methods and Performance Evaluations
3.4.1. The Results Obtained from the above Analysis Were
Compared by a Pairwise Differential Analysis Method. Wu et
al. used Cuffdiff to identify the differentially expressed genes
(DEGs) of the dataset described above (GSE33782) [14]. In
total, 1660, 1528, and 941 genes were extracted as significantly
DE between the C-P tissue pairs, the C-N tissue pairs, and the
P-N tissue pairs, respectively. Each of these groups contains
upregulated and downregulated genes, thus making subsequent functional analysis more complicated. In our approach,
genes were classified into 16 categories according to their
expression patterns and further stratified based on differences
(Figure 2(a)). Finally, the results of the FEA of the two
methods were compared (Table S3). According to Wu et al.,
31 GO terms in the biological process category were enriched.
In total, 17 of 31 GO terms were significantly enriched in our
method (FDR ≤ 5.0, Table S3), which were highly relevant
to cancer development, such as “collagen metabolic process,”
“cell migration,” and “ectoderm development” [29–31]. Little
direct evidence was present linking the other categories to
cancer; these categories included “heart development,” “regulation of system process,” and “muscle organ development,”
which were not significantly enriched in our results (FDR
> 5.0, Table S3). Additionally, we discovered some extra
categories significantly related to cancer development, such
as “blood vessel development,” “collagen metabolic process,”
and “cell adhesion” (Figure 4) [32, 33]. The COGO method is
based on specifying coexpression patterns to identify function and disease relationships. Therefore, our approach may
correctly identify more biological functions than approaches
based on pairwise DE methods.
3.4.2. A Comparison with the Direct Clustering Method. A
comparative study was performed to evaluate with a direct
clustering method using the colon cancer dataset. We first
log-transformed (base 2) the gene expression values [34].
A hierarchical cluster analysis with identical settings to the
method we developed was applied, and the genes were
clustered into 16 categories using the default cluster number formula described above (see Section 2). Our approach
displayed a better mining of the coexpression patterns of
the transcriptome by reporting a smaller average variable
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coefficient (CV = 0.24) compared to direct cluster method
(CV = 2.10) (Figure S1 and S5).
3.4.3. Comparison with STEM. Simultaneously, we compared
our results with the STEM method [35]. The STEM method
was developed for short time series microarray datasets and
is widely used. The colon dataset was applied under standard
procedures of STEM. Notably, genes were also clustered
into 16 categories (SC0–SC15, Figure S4), and the average
CV of the relative expression of patterns had no significant
difference from our method (COGO: 0.24 versus STEM:
0.21) (Figure S5). However, our method provided clearer and
more specific coexpression patterns for downstream analysis
(Figure S4).
3.4.4. A Time Series Dataset. To further illustrate the performance and the application of our method, a rat pineal gland
RNA-Seq dataset with 6 sampling time points was analyzed
(GSE46069) [36]. In total, 8,250 genes were obtained after
preprocessing, and 27 coexpression patterns were identified
by COGO using default settings. A comparative study was
provided to compare our method to the direct clustering
method. The chart in Figure S6 shows that our results
described the data better than the direct clustering method
(COGO: CV = 0.27 versus direct clustering: CV = 1.92).
One category containing the timekeeping AANAT gene was
mainly enriched in the two-function model (Figure S7).
One of the functions was related to “cytokine response,”
including “response to hormone stimulus” and “response
to inorganic substance,” and the other function was related

to “neuron function,” including “neuron development” and
“axonogenesis.” Both of these functions are associated with
the circadian clock, and the findings are consistent with
previous studies [37–39].

4. Discussion and Conclusions
The transcriptome reveals the status and functional mechanism of the cell as the cell responds to external stimuli. In
the presence of various confounders, such as the technical
deviation between runs and biological variability, one of the
challenges in RNA-Seq data analysis is to extract real biological responses from substantial amounts of transcriptomic
expression data. Most of the RNA-Seq data analysis methods
have been developed to determine the lists of genes with significant differential expression [40]. In addition, evidence has
shown that genes with similar expression patterns are likely to
be regulated through similar mechanisms [3]. Alterations in
the biological function can be detected by identifying gene
expression patterns among a series of RNA-Seq data.
In general, analyses of the transcriptome should be
performed on three levels: probe the tendency of macroscopic
expression changes, such as in a functional enrichment analysis; analyze captured genes with fluctuations among conditions; and state information based hypotheses and confirm
with biological experiments or literature. This research design
is a continuously exploring process that cyclically considers
the entire dataset to individual members. In this study, all
of the detectable genes are stratified into categories according to their expression pattern. A GO enrichment analysis
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was then performed on each category. We downplayed the
importance of DE genes and rediscovered significant gene
sets at the integral level. Therefore, the map reflecting biological functional changes is objectively structured on total
detectable genes. Genes with different expression patterns
exhibit different functional orientations. Therefore, GO terms
enriched from categories with large gene-expression differences among conditions may reflect biological dysfunction,
and GO terms enriched from categories with little geneexpression differences among conditions may also provide
important biological information and may be important for
cell survival. Therefore, all of the enriched functional results
promote a comprehensive understanding of the molecular
mechanisms involved in a specific biological process or
disease.
Furthermore, not every category displayed enriched GO
terms. Confounding genes may display similar expression
patterns and lead to an indeterminate functional orientation
or a strong relationship between genes and experimental
factors is absent. Our research strategy removes distractions
to focus on the notable genes and biological functions.
However, meaningful genes can be retrieved through an
analysis of significant biological functions or pathways, even
in the presence of the unannotated genes.
In this study, we provide an integrated global strategy for
coexpression pattern stratification and GO functional analysis for a RNA-Seq data series. We globally clustered genes
in RNA-Seq data according to their expression patterns and
gene expression differences. The results showed that genes
with similar expression patterns clustered into categories
in multiple characteristic attribute strategies. This creates
opportunities for integrated genomic analyses of unprecedented scope and scale. Global functional analyses can be
conducted, and the resulting functional modules provide a
diverse repertoire of biological states of different cell types
that cannot be captured by analyzing differentially expressed
genes alone. Additionally, genes of a specific function can be
clustered into categories to explore the expression patterns
and regulatory relationships of the functional unit, providing
insights into the response of functional mechanisms.
We believe that our method provides a new perspective
that downplays the importance of DE genes and rediscovers
significant gene sets at an integral level. We provide more
useful scenarios for biologists to further explore mechanisms
of biological functions and gene regulation.
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The availability of several whole genome sequences makes comparative analyses possible. In primate genomes, the priority of
transposable elements (TEs) is significantly increased because they account for ∼45% of the primate genomes, they can regulate
the gene expression level, and they are associated with genomic fluidity in their host genomes. Here, we developed the BLASTlike alignment tool (BLAT) based comparative analysis for transposable elements (BLATCAT) program. The BLATCAT program
can compare specific regions of six representative primate genome sequences (human, chimpanzee, gorilla, orangutan, gibbon, and
rhesus macaque) on the basis of BLAT and simultaneously carry out RepeatMasker and/or Censor functions, which are widely used
Windows-based web-server functions to detect TEs. All results can be stored as a HTML file for manual inspection of a specific
locus. BLATCAT will be very convenient and efficient for comparative analyses of TEs in various primate genomes.

1. Introduction
The advancement of DNA sequencing technology and bioinformatics has tremendously accelerated whole genome
sequencing and comparative genomic analysis. Currently,
88 genome sequences are available in the University of
California, Santa Cruz (UCSC) Genome Brower website
(http://www.genome.ucsc.edu/) [1]. Although the genome
database is easily accessible for genome research, data analysis
and interpretation still remain challenging due to the amount
of sequence data and various research areas within genomics.
The UCSC Genome Browser was produced in the early
stage of the human genome project and provides optical
effects and precise sequence alignments on query sequences
[1, 2]. Users can obtain a variety of information including
gene tracks, genome conservation, single nucleotide polymorphisms (SNPs), and transposable elements (TEs) from
the UCSC Genome Browser [3].
In the human genome, the protein coding regions only
account for about 2% of the genome, whereas TEs consist

of ∼50% of the primate genomes within intragenic and
intergenic sequences, which are called noncoding regions [4,
5]. Most studies have focused on the protein coding regions
to understand their roles in human health and disease.
However, noncoding regions have been emphasized since the
ENCyclopedia of DNA Elements (ENCODE) project, which
aims to detect new functional sources in the human genomes
[6, 7].
To screen TEs in the eukaryote genomes, RepeatMasker
(http://www.repeatmasker.org) [8] and Censor (http://www
.girinst.org/censor/) [9] web servers have been commonly
used. These software tools provide accurate and rapid repetitive DNA annotation results; the UCSC Genome Browser is
also connected with them. In the comparative genomic study
between six primate whole genome sequences (human, chimpanzee, gorilla, orangutan, gibbon, and rhesus macaque) [10–
14], the BLAST-like alignment tool (BLAT) [15] provides an
index to find homologous regions from query sequences and
allows the manual retrieved alignment of query sequences
from the UCSC webpage [3]. However, these processes of
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manually comparing and retrieving aligned sequences from
query sequences are time consuming and difficult to use for
novice users.
Here, we propose a handy Windows-based program,
BLAT-based comparative analysis for transposable elements
(BLATCAT; http://hanlab.dankook.ac.kr/gnu/data/file/Utility/765016963 ExyIiut9 BLATCAT.exe), which automatically
and simultaneously performs BLAT, RepeatMasker, and Censor [8, 9, 15]. BLATCAT was developed to detect orthologous
regions between the primate genomes. Since other nonprimate species have more genomic diversity and low-quality
sequences, it is not accurate to compare with orthologous
regions in other nonprimate species. Therefore, BLATCAT
compares only six primate genome sequences (human, chimpanzee, gorilla, orangutan, gibbon, and rhesus macaque).
These primate genomes are adequate to analyze the evolution
of closely related species. The BLATCAT program can significantly reduce serial steps in comparing specific regions of six
representative primate genome sequences and support both
position and sequence based approach. With these features,
the BLACAT program is competitive for comparative analysis
of the TE in various primate species.

2. Materials and Methods
Sources. To obtain comprehensive results, the BLATCAT
program utilizes the outputs of the following four popular
applications.
2.1. UCSC Genome Browser. The UCSC Genome Browser
is an interactive website providing useful sequenced-based
tools along with a variety of genome sequence data [3]. This
website offers useful browsing service for retrieving locations
of DNA sequences, gene structures, and distribution of TEs
in the genomes by using genomic positions or gene search
terms. It currently covers genome sequences of 88 species
including the human genome [1].
2.2. BLAT Search. BLAT is a pairwise DNA-sequence alignment algorithm that is widely used in comparative genomics
[15]. BLAT rapidly identifies similar sequences to a query
with high accuracy (>95%). The total limit of multiple query
sequences is up to 75,000 letters. BLAT search results display
a lot of information as follows: score (calculated according
to aligned length and sequence similarity), start (position
of first match on the query), end (position of last match
on the query), query size (the size of input sequence),
identity (sequence similarity), genomic coordinates (genomic
positions of the matched sequence), and strand (orientation
of the matched sequence in the genome).
2.3. RepeatMasker. RepeatMasker [8] is a TE search tool
characterizing TEs in given query sequences or genomes.
This program uses the Smith-Waterman-Gotoh algorithm,
developed by Phil Green (unpublished data). As an input, it
accepts both FASTA-formatted sequences and files.
2.4. Censor. Censor [9] is also a web-based tool that scans
DNA sequences for TEs against a reference dataset of TEs
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Table 1: List of developmental libraries implemented in BLATCAT.
Development tool
Development language
Used library

Eclipse Indigo version Java EE IDE
Java (JDK 1.6)
Jsoup, Windowbuilder, and Jsmooth

and delivers an abridged annotation of TEs. The major
classes of TEs annotated by Censor are 40 subfamilies of
DNA transposon and LTR and non-LTR retrotransposons
including retroviruses and simple repeats. Censor is also
available to screen TEs in other species besides human TEs
[16]. It uses the same algorithm with RepeatMasker and
supports FASTA, GenBank, and EMBL formats for query
sequence.
2.5. Development Environment. BLATCAT was developed in
the environment as described below (see also Table 1). Since
it was implemented in Java (it requires Java Virtual Machine
version 1.6 or above) [17], the current executable version
of BLATCAT only supports Windows. BLATCAT is implemented with three open libraries called Jsoup, Windowbuilder, and Jsmooth. Briefly, Jsoup (http://jsoup.org) is
responsible for interacting with the UCSC genome browser.
Windowbuilder (https://www.eclipse.org/windowbuilder) is
used to design user interface. An executable version of
the BLATCAT program was packed with Jsmooth (http://
jsmooth.sourceforge.net).

3. Results and Discussion
3.1. BLATCAT Workflow. BLATCAT accepts two types of
input: genomic position or DNA sequence (Figures 1 and 2).
Users can choose species and different versions of genome
assembly for analysis (Figure 2(d)). In addition, the users can
extend range of searching regions up to three times by adjusting “DNA option” placed at the bottom (Figure 2(e)). When
the user selects the “position” tab for a query with options
(Figure 2(a)), BLATCAT first extracts DNA sequences of the
given positions (Figure 2(b)) and searches selected genomes
for homologous sequences via the UCSC Genome Browser
[1]. On the other hand, if the user provides genome sequences
instead of the genome positions without any options on
the “sequence” tab (Figure 3), the program directly performs
pairwise sequence alignment using the BLAT algorithm [15].
Only the most similar sequence is selected and used as a query
for searching homologous sequences. Once the homologous
sequences are extracted, repetitive DNA sequences in all
homologous sequences are identified using RepeatMasker as
default [8]. Subsequently, Censor marks TEs in the homologous sequences for visualization [9].
3.2. BLATCAT Output. The BLATCAT output provides the
following useful information for researchers. It shows the
homologous sequence and its genomic coordinate in each
species (Figure 4). BLATCAT maintains color of strings or
formats acquired from other programs, such as the UCSC
genome browser, BLAT (Figure 4), RepeatMasker (Table 4),
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Start

User interface

Input sequence

End

Input position

UCSC Genome
Browser

Getting sequence

BLAT

BLAT searching

RepeatMasker

Censor

Print output

Finding repeat

Finding repeat

Start and end state of the program
Input state for genome sequence or position and select query options
Generic state of a processing step
Output state to print each step of a result on user interface

Figure 1: BLATCAT flowchart. BLATCAT runs several programs sequentially and utilizes outputs of the programs. The arrows indicate the
flow of the BLATCAT algorithm.

and Censor (Table 5) [1, 8, 9, 15]. These results are merged
and displayed at the same time upon submission (Figure 5).
Excluding the user interface, all results of previous steps can
be stored as a HTML file (Figure 2(h)) if the user clicks the
“save HTML” button (Figure 5). Descriptions of attributes of
RepeatMasker and Censor can be found in Tables 2 and 3
[8, 9]. The user can easily “copy and paste” any part of the
output to other software applications.

(a)
(b)
(c)

(d)

(g)

(e)
(f)

(h)

Figure 2: BLATCAT user interface for genomic position. (a) Two
types of input tabs are shown. (b) Genome and its assembly version
can be changed. Users can put position information in the search
term field. (c) Result appears in this field. (d) Selectable species
and their genome assembly are shown. (e) The length of a given
input sequence can be extended up to three times (×3). Selectable
RepeatMasker options (f) and a progress bar (g) are shown. (h) The
output can be saved as a HTML file.

3.3. Comparison of BLATCAT with the UCSC-BLATRepeatMasker-Censor Procedure. Previous studies [18–25]
that examined species-specific insertions/deletions mediated
by TEs should inspect orthologous primate sequences at each
locus using manual methods (UCSC, BLAT, and RepeatMasker/Censor). BLATCAT is a user-friendly program optimized for identifying TEs in homologous sequences of six
primate species. The one-step procedure of BLATCAT allows
researchers to perform comparative identification of TEs. To
obtain TEs in homologous sequences of six species manually,
users have to go through several steps. First, the users have to
extract DNA sequence of interest from genome browsers,
such as UCSC and Ensembl genome (see Figure S1 in Supplementary Material available online at http://dx.doi.org/10
.1155/2014/730814) [1, 26]. Then, homologous sequences are
identified by aligning the extracted sequence to the genome
of interest by using BLAT or similar programs (Figure S2).

4
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(a)
(b)

(c)

Figure 3: BLATCAT user interface for DNA sequence. (a) DNA sequence can be used as an input for analysis. (b) DNA sequence should be
placed in the empty field. (c) Result appears in this empty field.
>Human chr10: 83728636-83728925
aatctgctctaaaaaaaaaggtctgtttttaaaattatcaggttgagatattgtattttttaaaccacacatttcaatattggcatctattgcctacttcTGCTCCATAATATGTGAGAAAA. . .
>Chimpanzee chr10: 83107742-83108031
aatctgctcttaaaaaaaaggtctgtttttaaaattatcaggttgagatattgtattttttaaaccacacatttcaatattggcatctattgcctacttcTGCTCCATAATATGTGAGAAAAT. . .
>Gorilla chr10: 96758224-96758634
catcagttttaacaatgtaccgtctggtgggggatgtcaatagtgaggaaggttatgcatatgtggggctgaggagcatattggaactttctgtactttaTGCTCaatttttctgtaagtct. . .
>Orangutan chr10: 51231208-51231497
aatctgctctaaaaaaaaaggtctgtttttaaaattatcaggttgagatattgtattttttaaaccacacatttcaatattggcatctattgcctacttcTGCTCCATAATATGTGAGAAAAT. . .
>Gibbon chr18: 40838618-40838906
aaatctgctctaagaaaaaggtctgtttttaaaattatcaggttgagatattgtattttttaaaccacacatttcaatattggcatctattgcctatttcTGCTCCATAATATGTGAGAAAAT. . .
>Rhesus chr9: 51426848-51427124
ctagaaaaaataggtctgtttttaaaaattatcaggttgagatatcgtacttttaaaaccacacatttcaatattggcatctattgtctatttctattctATATGTGAGAAAATTGaCATTTC. . .

Figure 4: The result of BLAT searching within BLATCAT. Homologous sequence of each species is displayed as FASTA format. Genomic
position (red) and repeat sequence (blue) are marked with different colors.
Table 2: Description of the RepeatMasker attributes.
Attribute

Description

SW score
Perc div.
Perc del.
Perc ins.
Query sequence
Position in query
Begin
End
(Left)
Matching repeat
Repeat class/family
Position in repeat
Begin

Smith-Waterman score of the match, usually complexity adjusted
Percentage of substitutions in matching region compared to the consensus
Percentage of bases opposite a gap in the query sequence (deleted bp)
Percentage of bases opposite a gap in the repeat sequence (inserted bp)
Name of query sequence

End
(Left)
ID

Starting position of match in query sequence
Ending position of match in query sequence
Number of bases in query sequence past the ending position of match
Match is with the complement of the consensus sequence in the database
Name of the matching interspersed repeat
The class of the repeat
Number of bases in (complement of) the repeat consensus sequence prior to
beginning of the match
Starting position of match in database sequence (using top-strand numbering)
Ending position of match in database sequence
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Figure 5: Screenshot of the BLATCAT output. All the results (Figure 4 and Tables 4 and 5, results of BLAT, RepeatMaster, and Censor) are
merged and displayed in the user interface at the same time. Other contexts are identical to Figure 2.
Table 3: Description of the Censor attributes.
Attribute
Name
From/To
Class
Dir
Sim
Pos
Mn : Ts
Score

Description
Column Name contains locus names of submitted query sequences (first column) and Repbase library
sequences (fourth column). Repbase names are hyperlinked to their sequences.
Column From/To contains beginning/ending of positions of fragment on corresponding sequence.
This is class/subclass of repeat as specified in repeat annotation.
Values in column Dir indicate orientation (“d” for direct and “c” for complementary) of repeat
fragment—columns 4–6.
Column Sim contains value of similarity between 2 aligned fragments.
Column Pos is roughly the ratio of positives to alignment length.
Column Mm : Ts is a ratio of mismatches to transitions in nucleotide alignment. The closer this number is to 1
the more likely is that mutations are evolutionary.
This column contains the alignment score obtained from blast.

To identify TEs in these sequences, the users have to
run RepeatMasker and/or Censor with each homologous
sequence as a query repeatedly (Figures S3 and S4) [8, 9].
These sequential analyses require certain knowledge of
algorithms and are time-consuming tasks. Our application
explicitly shortens the steps for comparative TE analysis and
is easy to use.
To estimate the efficiency of BLATCAT, we compared
manual method and BLATCAT in the human position as a
query (chr18: 40,208,090–40,208,390). The result indicates
that BLATCAT (processing time: 65 sec) works five times
faster than that of the manual method (processing time:
356 sec).
3.4. The Weaknesses of BLATCAT. Although BLATCAT is a
straightforward approach to identify TEs in homolog regions,
it also has some weaknesses due to the algorithm. First,
BLATCAT requires an Internet connection since it interacts
with several web applications. Second, the current version

of BLATCAT only runs on the Windows operating system.
Third, if the size of input sequence is more than 75,000 bases,
it cannot be processed due to the size limitation of the BLAT
website. However, most computers are connected to the Internet these days and the typical size of input sequence should be
around several kilobases. Fourth, BLATCAT only returns the
top-scoring locus of homology found by BLAT, even if there
is one or more homologous loci with scores nearly as high
as the top hit. Therefore, BLATCAT is comparable to other
genomic tools.

4. Conclusions
BLAT only finds an orthologous region between a query
sequence and another single genome. However, we developed
the Windows-based BLATCAT program to simultaneously
compare a query sequence with its corresponding sequences
from five other primates. In addition, this tool is linked to
RepeatMasker and/or Censor to identify full spectrum TEs in

6

BioMed Research International
Table 4: The result of RepeatMasker within BLATCAT.

SW
Score
510
475
792
402
478
465
319

perc
Div.
28.2
28.7
20.5
29.3
28.6
29.1
32.7

perc
Del.
6.4
6.4
1.3
7.3
6.7
6.6
6.6

perc
Ins.
4.5
4.2
0.0
4.8
4.8
4.3
2.1

query
Sequence
Human
Chimpanzee
Gorilla
Gorilla
Orangutan
Gibbon
Rhesus

position in query
Begin End (Left)
10
355
(135)
10
355
(135)
1
151
(460)
133
476
(135)
10
355
(135)
11
373
(116)
24
342
(135)

C
C
+
C
C
C
C

Matching repeat
Repeat
Class/family
HAL1b
LINE/L1
HAL1b
LINE/L1
L1MC1
LINE/L1
HAL1b
LINE/L1
HAL1b
LINE/L1
HAL1b
LINE/L1
HAL1b
LINE/L1

Position in repeat
Begin
End
(Left)
(406)
2015
1664
(405)
2016
1664
6176
6328
(5)
(406)
2015
1664
(406)
2015
1664
(406)
2015
1645
(425)
1996
1664

ID
5
1
3
4∗
6
2
7

The RepeatMasker output is displayed. Descriptions of the attributes can be found in Table 1.
∗
indicates that there is a higher-scoring match whose domain partly (<80%) includes the domain of this match [8].

Table 5: The result of Censor within BLATCAT.
Name

From

To

10

368

Chimpanzee
Chimpanzee

10
386

368
434

Gorilla
Gorilla

1
154

151
489

Orangutan
Orangutan

10
386

361
434

Gibbon
Gibbon

11
385

367
433

Rhesus

24

355

Human

Name

From
To
Class
Human (SVG plot; alignments; masked)
HAL1B
610
973
NonLTR/L1
Chimpanzee (SVG plot; alignments; masked)
HAL1B
610
974
NonLTR/L1
5194
5247
LTR/Gypsy
Gypsy-2 HMM-I
Gorilla (SVG plot; alignments; masked)
L1MC1
923
1075
NonLTR/L1
HAL1B
610
953
NonLTR/L1
Orangutan (SVG plot; alignments; masked)
HAL1B
617
973
NonLTR/L1
5194
5247
LTR/Gypsy
Gypsy-2 HMM-I
Gibbon (SVG plot; alignments; masked)
HAL1B
610
973
NonLTR/L1
5194
5247
LTR/Gypsy
Gypsy-2 HMM-I
Rhesus (SVG plot; alignments; masked)
HAL1B
610
954
NonLTR/L1

Dir

Sim

Pos/Mm : Ts

Score

c

0.7003

2.0667

774

c
c

0.6955
0.8039

2.0652
1.6

745
209

d
c

0.7843
0.6907

1.3478
1.8936

757
674

c
c

0.7064
0.8039

1.8298
1.6

761
209

c
c

0.6966
0.8039

1.9375
1.6

765
209

c

0.6677

1.9231

606

The Censor output is shown. Each table shows the result of each species obtained from the Censor analysis.

the primate genomes. BLATCAT is an easy-to-use tool and is
more effective than manual work. Therefore, we believe that
BLATCAT is a valuable tool for a comparative analysis of TEs
in primate genomes.
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MicroRNAs (miRNAs) are a class of small noncoding RNAs that can regulate gene expression by binding to target mRNAs and
induce translation repression or RNA degradation. There have been many studies indicating that both miRNAs and mRNAs display
aberrant expression in breast cancer. Previously, most researches into the molecular mechanism of breast cancer examined miRNA
expression patterns and mRNA expression patterns separately. In this study, we systematically analysed miRNA-mRNA paired
variations (MMPVs), which are miRNA-mRNA pairs whose pattern of regulation can vary in association with biopathological
features, such as the oestrogen receptor (ER), TP53 and human epidermal growth factor receptor 2 (HER2) genes, survival time,
and breast cancer subtypes. We demonstrated that the existence of MMPVs is general and widespread but that there is a general
unbalance in the distribution of MMPVs among the different biopathological features. Furthermore, based on studying MMPVs
that are related to multiple biopathological features, we propose a potential crosstalk mechanism between ER and HER2.

1. Introduction
MicroRNAs (miRNAs) are a class of naturally occurring small
noncoding RNAs. Mature miRNAs are 19- to 25-nucleotidelong molecules that are cleaved from 70- to 100-nucleotide
hairpin pre-miRNA precursors [1, 2]. miRNAs regulate the
expression of genes and play a vital role in almost every
biological process, including cell differentiation, turning
signalling pathways on/off, apoptosis, and cell proliferation
[2, 3]. Although several models have been proposed for the
mechanism underlying miRNA regulation, it is generally
accepted that miRNAs regulate gene expression by binding
to their target mRNAs [4, 5]. In vertebrate animals, most
miRNAs bind to the 3 untranslated region (3 UTR) of a target mRNA sequence at a partially complementary sequence
and induce translation repression or mRNA degradation [6].
Interestingly, a recent study indicated that miRNAs can shift
from acting as a repressor to an activator of gene translation
during the cell cycle arrest period [7, 8].

Increasing numbers of microRNAs and mRNAs have
been found to be related to the development of breast cancer.
In contrast to previous studies based only on miRNA or
mRNA expression profiles, examining both miRNA and
mRNA expression profiles enables us not only to study
miRNA and mRNA expression profiles separately but also
to examine miRNA-mRNA regulatory pairs together [8–12].
Nevertheless, in many cancer studies based on miRNA and
mRNA expression profiles, instead of considering miRNAmRNA regulatory pairs together, the tendency is to examine
either an miRNA or mRNA first and then apply strategies
such as computational miRNA target gene prediction algorithms, sequence homology analysis, or expression correlation indexes to identify the corresponding counterpart of the
miRNA (mRNA) and, hence, accomplish the integration of
the miRNA-mRNA pair [12, 13]. Interestingly, many of these
studies share the common assumption that the regulatory
relationship between an miRNA and its target mRNAs is
negative, and a great deal of research is therefore based on

2
this assumption [8–12]. For example, to identify the target
mRNAs of a specific miRNA from hundreds of candidate
mRNAs predicted by a computational algorithm, many scientists prefer to choose those mRNAs whose expression is
significantly negatively correlated with that of the miRNA.
However, this hypothesis of an miRNA negatively regulating its target mRNA conflicts with the results of a recent
study showing that, in some cases, miRNAs can activate
the translation of their target mRNAs [7, 8]. Moreover, the
aberrant expression of miRNAs and mRNAs in breast cancer
gives rise to the question of whether the regulatory pattern
of miRNA-mRNA pairs varies with the development of this
disease [14, 15]. Thus, we attempt to answer this question by
studying the possible effects of several breast cancer-related
biopathological features on the regulatory pattern of miRNAmRNA pairs, and we consider the answer to this question to
represent the cutting edge of the exploration of the molecular
mechanisms of breast cancer.
Here, we propose MMPV as a term that indicates miRNAmRNA pairs whose pattern of regulation can vary in association with different statuses of biopathological features. We
reveal that the distribution of MMPVs is widespread. Moreover, we find that the miRNAs of the MMPVs that are associated with a particular biopathological feature tend to display
a significant regulatory effect on the target mRNAs related
to a specific status of the biopathological feature and tend to
display no significant regulatory effect on the target mRNAs
related to different statuses. Furthermore, based on studying
MMPVs associated with multiple biopathological features,
we propose the existence of a potential crosstalk mechanism
between ER and HER2. Importantly, this study demonstrates
that the pattern of miRNA-mRNA regulation can be altered
in the context of different statuses of biopathological features,
and this discovery will benefit further research exploring the
molecular mechanisms underlying breast cancer.

2. Materials and Methods
2.1. miRNA and mRNA Expression Data. Both miRNA and
mRNA expression data were obtained from PMID: 21364938
[16]. The data were derived from the expression profiling
of 799 miRNAs and 30,981 mRNAs in 101 primary human
breast tumours. Five biopathological features of each sample
were available. We classified each biopathological feature as
showing one of two different statuses: oestrogen receptor positive (ER+)/oestrogen receptor negative (ER−); mutant TP53
(TP53+)/wild type TP53 (TP53−); survival greater than five
years (survial5+)/survival less than five years (survival5−);
HER2 positive (HER+)/HER2 negative (HER2−); and basallike breast cancer (basal)/no basal-like breast cancer (nonbasal). The miRNA and mRNA expression data have been
submitted to the Gene Expression Omnibus (GEO) under
accession numbers GSE19536 and GSE19783, respectively.
2.2. miRNA-mRNA Targeting Pairs. We obtained experimentally validated miRNA-mRNA targeting pairs from Tarbase
6.0 [17]. Among the healthy population, the regulatory

BioMed Research International
pattern of 293 miRNA-mRNA pairs indicated positive regulation, while that of 3,628 miRNA-mRNA pairs showed
negative regulation.
2.3. Computation of the miRNA-mRNA Regulatory Patterns.
To examine the regulatory pattern of miRNA-mRNA pairs,
which could vary with different statuses of biopathological
features, we must quantify the regulatory patterns of the
miRNA-mRNA pairs associated with a certain status of a
biopathological pattern. For illustrating, here we calculate
the regulatory pattern of each miRNA-mRNA pair in ER+
and ER− specimens first. Gene expression with samples in
both ER+ and ER− was compiled first, and then the Pearson
correlation coefficient (PCC) was adapted to measure the
regulatory pattern of miRNA-mRNA pairs associated with
a specific status of a biopathological feature. If the PCC
is greater than zero, then a positive regulatory pattern
corresponds to this PCC and vice versa.
2.4. Choosing the miRNA-mRNA Pairs Whose Regulatory
Pattern Varies Significantly with Each Biopathological Status
to the Normal Condition. Each miRNA-mRNA pair receives
2 PCCs, corresponding to ER+ and ER− statuses, representing its regulatory pattern in ER+ and ER− specimens,
respectively. Based on the quantified results regarding the
regulatory pattern of each miRNA-mRNA pair, we prefer
those miRNA-mRNA pairs whose 2 PCCs showed opposite
algebraic signs (sign change pairs) and those whose 2 PCCs
showed the same algebraic sign but displayed the ratio of
the PCC of each condition to the normal greater than 2
or smaller than 0.5 (fold change pairs). So that our results
would have greater biological importance, we later removed
miRNA-mRNA pairs whose 2 PCCs were both insignificant
(B-H FDR 𝑞 < 0.05).
2.5. Representing the Regulatory Patterns of miRNA-mRNA
Pairs. Following the two steps described above, we obtained
the miRNA-mRNA pairs whose regulatory patterns varied
significantly with an ER+ versus ER− status (ER MMPVs).
We used the letters U and D to represent positive and negative
regulations and ∗ to indicate the significance in the statistic.
Thus, given that the regulatory pattern of experimentally
validated miRNA-mRNA pairs downloaded from Tarbase 6.0
in the healthy population was known, we used U or D to
represent the regulatory pattern of miRNA-mRNA pairs in
breast cancer patients with an ER+ or ER− status and in the
healthy population. For example, if the regulatory pattern
of hsa-miR-1 and CA3 corresponds to negative regulation
in the healthy population and to positive regulation in ER+
breast cancer patients and significant positive regulation in
ER− breast cancer patients, then we can refer to this pair
as D U U∗ . As another example, the regulation of has-mir375 and FOLR1 is negative in the healthy population, while
in ER+ specimens it is positive, whereas it is significantly
negative in ER− specimens. Hence, the change in the pattern
of regulation can be represented as D U D∗ to indicate the
regulatory pattern of hsa-miR-1 and CA3 in the healthy
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population and in ER+ breast cancer patients and ER− breast
cancer patients.

Table 1: Statistical results for the MMPV responses to different
features.

2.6. Gene Ontology (GO) Enrichment Analysis of MMPVs.
GO database was used to explore the biological function
involved in MMPVs. We used Gorilla [18] to conduct GO
enrichment analysis, and the 𝑃 value threshold is set as 1.0𝐸−
03. The background list comprised all of the genes for the
miRNA-mRNA pairs that we obtained from Tarbase 6.0. We
placed the mRNAs of each type of MMPV into a target set
and obtained the results for the biological process cellular
component.

Feature

3. Results and Discussion
Our method examines miRNA and mRNA gene expression data to obtain MMVPs for five breast cancer-related
biopathological features. The statistical summary is shown
in Table 1. The definitions of the fold change pairs and sign
change pairs were given above.
First, we discuss the general unbalanced enrichment
trend in the distribution of MMPVs associated with every
type of biopathological feature. Second, we select (B-H FDR
𝑞 < 0.05) MMPVs whose miRNA and mRNA are both
significantly differentially expressed between the two statuses
of the biopathological features (DE-MMPV), and we check
the published literature to confirm their relationship with
the corresponding biopathological feature. Third, we analyse
MMPVs that are shared by multiple types of biopathological
features, and we propose the existence of potential crosstalk
between ER and HER2. Fourth, mRNAs of each type of
MMPV are analysed for GO enrichment through a hypergeometric gene set enrichment analysis. Finally, we map
the mRNAs of the MMPVs to Human Protein Reference
Database (HPRD) protein-protein interaction networks to
explore the topological features of genes of MMPVs.
3.1. The General Unbalanced Distribution of MMPVs.
Because the number of miRNA-mRNA pairs whose
regulatory pattern is positive in the healthy population
is relatively small and, hence, cannot reach statistical
significance, in this section, we examine only miRNA-mRNA
pairs whose regulatory pattern is negative in the healthy
population. Their distribution among the five examined
types of biopathological features is shown in Figure 1.
For each of the biopathological features, we found that
the regulatory pattern of MMPVs tended to be significant for
one specific status and to be insignificant for the other status.
To be more specific, the miRNAs of the MMPVs tended to
have a significant regulatory effect on their target mRNAs
for the following statuses: wild type TP53 gene, HER2−,
survival time of less than five years, nonbasal-like breast
cancer subtype, and ER−.
The above result showed that the overexpression of HER2
is the result of deregulation of genes, rather than gene
amplification, and this discovery is consistent with the result
of Menard et al. [19]. Considering this result together with our

Number of
fold change
pairs

Number of
sign change
pairs

Total number
of MMPVs

110
72
516
0

49
30
768
0

159
102
1,284
0

TP53
ER
Her2
Survival time

1400

1233

1200
1000
800
600
400
200
0

126

87
5

78

0

0

TP53+/
TP53−

HER2+/ ST > 5 years/ BL/NBL
HER2− ST < 5 years

0

43 84
ER+/ER−

Positive
Negative

Figure 1: The distribution of MMPVs among the five types of
biopathological features. The height of positive bar (in blue colour)
represents the number of MMPVs whose regulatory pattern is
significant for the first status of a specific biopathological feature,
and the height of the negative bar (in red colour) represents the
number of MPPVs whose regulatory pattern is significant for the
second status of a specific biopathological feature.

findings, we propose that the widespread decreasing regulatory effect of miRNAs on their target mRNAs contributes to
HER2 expression.
Cheng et al. adopted a regulatory effect score (RE score)
to evaluate the regulatory effect of miRNAs and discovered
that, compared with ER+ patients, most miRNAs exhibit a
higher RE score. In other words, they have a more significant
regulatory effect on their target mRNAs in ER− patients [20].
This discovery is consistent with our findings.
Suzuki et al. found that three types of missense mutation
in the DNA-binding domain of p53 can lead to decreased
processing of pri-miRNAs by Drosha [21]. They therefore
proposed that p53 mutants might reduce the interaction
between pri-miRNAs and Drosha complex proteins and,
hence, affect the genesis of mature miRNAs. In this context,
mutation of the TP53 gene could decrease the production
and activity of miRNAs and ultimately lead to the results that
we obtained here: MMPVs related to TP53 tend to exhibit a
significant regulatory pattern in a population with the wild
TP53 gene.

4
Most miRNAs can be regarded as antioncogenesis miRNAs given the fact that compared to the healthy population,
most miRNAs are downregulated in cancer patients [1].
Moreover, many genes encoding miRNAs are located in
regions that are related to cancer, and genes in these regions
frequently undergo rearrangement, amplification, and loss
[22]. Specifically, genomes associated with basal-like breast
cancer tend to be more unstable than those associated with
other subtypes of breast cancer [23]. In addition, Blenkiron
et al. compared the expression of genes that are involved
in the genesis of miRNAs in several breast cancer subtypes
and found that Dicer1 was significantly downregulated in
basal-like, HER2+, and luminal B cases, all of which are
closely associated with poorer prognostic results [24]. Given
that basal-like breast cancer patients usually display poorer
prognostic results, we propose that compared to nonbasallike breast cancer, the genome of basal-like breast cancer
patients is more unstable, with miRNAs more often being
downregulated and gene amplification occurring more frequently, as gene loss and gene rearrangement do. Thus, the
production as well as the activity of miRNAs is expected to
be lower in basal-like cancer patients, which is consistent with
our results.
We did not find any relevant studies that provide any clues
about the unbalance in the distribution of the survival timeassociated MMPVs. However, we noted that the regulatory
patterns of MMPVs related to ER and HER2 status tended
to be significant in ER− and HER2− patients. ER− breast
cancer patients are usually resistant to Tamoxifen therapy
and, thus, show poorer prognostic results [25–27]. Similarly,
most HER− breast cancer patients cannot benefit from
Trastuzumab therapy, which greatly increases the survival
rate in the HER2+ breast cancer patients. Based on the
above results, it can be observed that the regulatory pattern of MMPVs tends to be significant in association with
statuses that suggest poorer prognostic results. Thus, it is
reasonable to propose that the unbalance in the distribution
of the survival time-associated MMPVs may result from
the unbalance that remains in the distribution of ER- and
HER2-related MMPVs. This result reveals the capacity of
detecting biologically important regulatory events mediated
by miRNAs.
3.2. Significantly Differentially Expressed Genes (DEGs) Encoding MMPVs and Their Relationship with Biopathological
Features. To explore the relationship between MMPVs and
biopathological features, we conducted a significant analysis
of microarray (SAM) analysis to detect MMPVs whose
miRNAs and mRNAs are both significantly differentially
expressed between the two statuses of a given biopathological
feature (DE-MMPVs). The final results are shown in Table 2.
First, we analysed the differentially expressed genes
(DEGs) among ER-associated DE-MMPVs, and we found
that they shared the same miRNA: hsa-miR-375. Pedro de
Souza Rocha Simonini reported that hsa-miR-375 is overexpressed in breast cancer tumours with an ER+ status and that
decreasing the expression of hsa-miR-375 will decrease the
activity of ER accordingly [28]. This observation is consistent
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Table 2: Distribution of DE-MMPVs associated with ER, TP53, and
subtype status.
Feature

miRNA
hsa-miR-375(D)
hsa-miR-375(D)
ER
hsa-miR-375(D)
hsa-miR-375(D)
hsa-miR-375(D)
hsa-miR-7(D)
hsa-miR-155(D)
hsa-miR-155(D)
hsa-miR-155(D)
hsa-miR-155(D)
hsa-miR-145(U)
hsa-let-7b(U)
hsa-miR-375(U)
hsa-miR-7(D)
hsa-miR-7(D)
TP53
hsa-miR-145(U)
hsa-let-7b(U)
hsa-miR-375(U)
hsa-miR-29c(U)
hsa-miR-29c(U)
hsa-miR-29c(U)
hsa-miR-214(U)
hsa-miR-155(D)
hsa-miR-145(U)
hsa-miR-107(U)
hsa-let-7b(U)
hsa-miR-155(D)
hsa-miR-155(D)
hsa-miR-155(D)
hsa-miR-146a(D)
hsa-miR-146a(D)
hsa-miR-146a(D)
Subtype
hsa-miR-145(U)
hsa-miR-375(U)
hsa-miR-193b(U)
hsa-miR-145(U)
hsa-let-7b(U)
hsa-miR-29c(U)

mRNA
PRKX(U)
FOLR1(U)
STAP2(U)
KIAA0232(D)
TBX19(U)
ALG3(D)
VCAM1(D)
ETS1(D)
CBFB(D)
ARL5B(D)
MUC1(U)
CCND1(U)
LDHB(D)
TCOF1(D)
KCNJ14(D)
FSCN1(D)
CHMP2A(U)
PRKX(D)
LAMC1(U)
DNMT3B(D)
COL3A1(U)
HSPD1(D)
ARID2(U)
CCDC43(U)
CDK6(D)
SPCS3(D)
ETS1(D)
CSF1R(D)
CBFB(D)
SAMD9L(D)
EPSTI1(D)
BCL2A1(D)
MUC1(U)
AKAP7(D)
MAT2A(U)
FSCN1(D)
CHMP2A(U)
CDK6(D)

Regulatory pattern
D D D∗
D U D∗
U U U∗
U U U∗
U D D∗
D U U∗
D U U∗
D U U∗
D U U∗
D U U∗
D U U∗
D U U∗
D U D∗
D D U∗
D D U∗
D D U∗
D D U∗
D D D∗
D D D∗
D D D∗
D D D∗
D D D∗
D D D∗
D D D∗
D D D∗
D D D∗
D U U∗
D U U∗
D U U∗
D U U∗
D U U∗
D U U∗
D U U∗
D U D∗
D D U∗
D D U∗
D D U∗
D D D∗

with our findings. Thus, we searched the relevant literature
to examine five of the target mRNAs of hsa-miR-375. FLOR1
tends to show low expression in ER+ cancers [29]. Signal
traducing adaptor protein (STAP2) is regarded as a potential
drug target for ER− breast cancer patients because this
protein can facilitate the growth of breast cancer cells by
interacting with BRK and STAT3/5 [30–33]. STAP2 can also
increase the activity of NF-Kb, whose expression is negatively
correlated with ER activity [34]. Interestingly, the regulatory
patterns of hsa-miR-375 and STAP2 in the healthy population
and in ER− and ER+ breast cancer patients are all positive.
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However, when the expression of hsa-miR-375 is significantly
downregulated in ER− specimens, the expression of STAP2
changes, and instead of being downregulated, it is upregulated quite significantly.
Second, we analysed the DEGs among TP53-associated
DE-MMPVs. Adan Valladares showed that CCND1 and
LAMC1 are overexpressed in breast cancer patients [35]. We
observed that, compared to patients with mutated TP53, the
expression of CCND1 and LAMC1 is increased in patients
with wild type TP53. This observation is of particular interest
because it contradicts our expectation that because wild
type TP53 inhibits the expression of oncogenes, CCND1
and LAMC1, which are both overexpressed in breast cancer
patients, should be downregulated in individuals with wild
type TP53.
It can be observed that the regulatory pattern of hsa-let7b and CCND1 remains positive in breast cancer patients,
regardless of the status of TP53, which is negative in the
healthy population. Such D U U regulatory pattern variation
was also found for hsa-miR-145 and MUC1. MUC1 encodes
a mucoprotein that is overexpressed in many types of cancer,
including breast cancer. Similar to CCND1, MUC1 is a potential biomarker for tumours, and MUC1 plays an important
role in the invasion and metastasis of tumours. Specifically,
MUC1 can interact with TP53 and inhibit cell apoptosis
mediated by TP53, thus facilitating the proliferation of cancer
cells [36]. Similar to hsa-let-7b and CCND1, the regulatory
pattern of has-miR-145 and MUC1 shifts from being negative
in the healthy population to positive in breast cancer patients.
No relevant research has shown such an aberrant disturbance
of regulatory patterns, and this disturbance is expected to be
associated with the genesis and development of breast cancer.
Nguyen et al. reported that hsa-miR-29c negatively regulates DNMT3B, the overexpression of which can cause the
hypermethylation of some tumour suppressor genes [37].
Our results show that the regulatory pattern of hsa-miR-29c
and DNMT3B is D D D in association with TP53. Compared
to patients with mutated TP53, the expression of hsa-miR29c is significantly increased in individuals with wild type
TP53, thus enforcing the repression effect on DNMT3B. This
observation is supported by the finding of Toledo and Bardot
that the wild type P53 protein can bind to the Drosha protein
complex and enhance the transcription of tumour suppressor
miRNAs [38]. Similar regulatory pattern variation occurs for
hsa-miR-107 and CDK6, which tend to be overexpressed in
aggressive tumours. We propose that the enhanced regulatory
effect of has-miR-107 on CDK6 is also due to the combined
action of P53 and Drosha.
Finally, we analysed the DEGs among the subtypeassociated DE-MMPVs. We observed that 2 MMPVs
(has-miR-145 and MUC1, hsa-miR-155 and CBFB) and one
mRNA (CDK6) are shared by the TP53-associated MMPVs
and subtype-related MMPVs. Specifically, compared to
patients with mutated TP53, the levels of MUC1, CBFB, and
CDK6 expression are significantly decreased, significantly
increased, and significantly decreased, respectively, in wild
type TP53 patients. Interestingly, compared to basal-like
breast cancer patients, the levels of MUC1, CBFB, and
CDK6 expression are significantly decreased, significantly
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Table 3: Distribution of MPPVs that are associated with multiple
pathological features.
Feature 1
ER
Subtype
ER
TP53
TP53
ER
HER2
HER2
HER2
HER2

Feature 2
Survival
Survival
Subtype
Subtype
Survival
TP53
Subtype
Survival
TP53
ER

Overlap
3
3
4
6
6
11
12
14
31
40

increased, and significantly decreased in nonbasal-like
breast cancer patients, respectively. All of these findings
indicate that these three genes could play similar roles in
TP53 pathways and biological pathways that are related to
basal-like breast cancer. Moreover, we found that, compared
to basal-like breast cancer patients, the expression of ETS
is significantly decreased in nonbasal-like cancer patients.
This finding is supported by the work of Charafe-Jauffret
et al., who reported that the expression of ETS1 is higher in
basal-like breast cancer than in other breast cancer subtypes
[39]. Furthermore, compared to basal-like breast cancer, the
levels of CSF1R and CBFB expression significantly decrease
in nonbasal-like breast cancer. Furthermore, this finding is
reasonable because CSF1R is overexpressed in invasive breast
cancer and is strongly associated with a shorter survival time
[40], and CBFB is regarded as a potential oncogene [1].
3.3. Analysis of MMPVs Associated with Multiple Biopathological Features. We found that many MMPVs are associated
with multiple biopathological features. The distribution of
these MMPVs is shown in Table 3.
To find genes that are closely associated with two different
biopathological features, we further filtered the data that
appear in Table 3. For example, to find genes that are related
to both ER and TP53 status, we first selected all of the
mRNAs in the 31 MMPVs that are associated with both TP53
and ER. Then, we selected the miRNAs present in TP53and ER-associated MMPVs as well as in MMPVs associated
with other biopathological features. Finally, we uncovered
two genes (MYBL and M6PRBP1), which are expected to be
closely related to ER and HER2.
There is a substantial amount of research examining
crosstalk between ER and HER2. Isabel Pinhel claimed that
the levels of HER2 and ER expression are positively correlated in non-HER2-overexpressing breast cancer tumours
and are negatively correlated in HER2-overexpressing breast
cancer tumours [41]. HER2 overexpression can repress the
antiproliferation effect of TGF-𝛽1 and, hence, enhance the
growth of cancer cells [42]. Moreover, TGF-𝛽1 can repress the
expression of MYB, and ER+ status enhances the expression
of MYB [43]. Importantly, MYB and MYBL are expected
to display similar functions given that these two proteins
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HER2

Table 4: Comparison of the average degree of the different types of
MPPVs with that in the HPRD-PPI network.

−
−

−

ER

Feature
ER

+

TP53
TGF-𝛽1

−

MYB

+

Breast cancer cells
metastasize to liver
and lungs

Figure 2: Proposed crosstalk between ER and HER2. Gene ontology
(GO) enrichment analysis of MMPVs.

belong to the same transcription factor family, and they are
homologous. It has been reported that MYB is relevant to
hematopoietic function [43]. An experiment conducted by
Mucenski and colleagues in MYB knockout mice showed that
MYB is closely related to hematopoietic function, especially
hematopoietic cells in the liver, as all MYB knockout mice
ultimately die as a result of hypoxia, and their livers are
anaemic and relatively small compared to the livers of mice
in the control group [44]. Furthermore, the cancer cells of
cancer patients exhibiting HER2 overexpression are more
likely to metastasise to the lungs and liver [45]. Considering
our findings together with the supporting results from the
literature noted above, we propose the existence of potential
crosstalk between MYB, overexpressed HER2, and ER as
shown in Figure 2.
This proposed potential crosstalk between MYB, overexpressed HER2, and ER not only will contribute to further
studies addressing the molecular mechanisms underlying
breast cancer but also serves as an important reference for
potential joint therapy with tamoxifen and trastuzumab.
We conducted a GO enrichment analysis of the mRNA
components of MMPVs. The results of the biological process (BP) enrichment analysis and cellular component (CC)
enrichment analysis are shown in Supplementary Table 1 in
Supplementary Material available online at http://dx.doi.org/
10.1155/2014/291280.
It can be observed that the GO terms related to TP53
mainly include molecules that are involved with cell adhesion
to the extracellular matrix. There have been many studies
concentrating on the relationship between TP53 and tumour
metastasis, which is closely associated with cell adhesion
and the extracellular matrix. Specifically, Abramson et al.
reported that compared to individuals with wild type TP53,
the strength of cell adhesion is greatly increased in the
population exhibiting mutant TP53 [46]. Anaganti et al.
claimed that wild type TP53 can repress the expression of
focal adhesion kinase (FAK), which is a critical regulator
of adhesion and motility whose overexpression is strongly
associated with enhanced metastatic potential. Additionally,
FAK is frequently overexpressed in populations with mutant
TP53 [47].
The GO terms related to the ER are mainly associated with
DNA synthesis and the cell cycle. S F Doisneau-Sixou claimed
that oestrogen independently regulates the expression and

Average degree
11.76

𝑃 value
0.03

11.23

0.01

HER2

11.74

6.38E − 08

Survival

12.81

5E − 03

Subtype

10.60

0.095

HPRD-PPI network

7.80

function of c-Myc and cyclin D1. Antioestrogen treatment of
MCF-7 cells can greatly decrease the expression of c-Myc and
cyclin D1, resulting in the arrest of the cell cycle and inhibition
of DNA synthesis.
3.4. Topological Features of Genes Encoding MMPVs. We
explored the topological features of the genes encoding
MMPVs by mapping the mRNAs of each type of MMPV to
the HPRD protein-protein-interaction (PPI) network [48].
Specifically, we employed Student’s 𝑡-test to compare the
average degree of the MMPV genes with those of PPI
network. In fact, there are biases which existed in current
PPI databases. Here we use the commonly used database,
HPRD. The results are shown in Table 4. Except for subtypeassociated MMPVs, the average degree of the mRNAs related
to all of the other biopathological features is significantly
greater than the average degree in the HPRD-PPI network.
𝑃 values were calculated using a one-tailed 𝑡-test. The 𝑃
value shown in bold indicates that the average degree of the
corresponding biopathological feature is significantly greater
than that in the HPRD-PPI network.

4. Conclusions
In this study, we discovered that the regulatory pattern
of miRNA-mRNA pairs can vary with different statuses
of biopathological features. To further explore the molecular mechanisms underlying breast cancer, we studied five
biopathological features (the ER, HER2 and TP53 genes,
cancer subtype, and survival time) that are closely related to
breast cancer. We observed a general unbalance in the distribution of MMPVs. Moreover, the differentially expressed
MMPV genes suggest that there is a potential effect of these
biopathological features on the development of breast cancer
at the molecular level. Furthermore, we examined the topological features of genes encoding MMPVs in the HPRD PPI
network, and we propose the existence of potential crosstalk
between ER and HER2. The method developed in this paper
can help detecting biologically important regulatory events
mediated by miRNAs.
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Proteolytic 18 O-labeling has been widely used in quantitative proteomics since it can uniformly label all peptides from different
kinds of proteins. There have been multiple algorithms and tools developed over the last few years to analyze high-resolution
proteolytic 16 O/18 O labeled mass spectra. We have developed a software package, O18Quant, which addresses two major issues in the
previously developed algorithms. First, O18Quant uses a robust linear model (RLM) for peptide-to-protein ratio estimation. RLM
can minimize the effect of outliers instead of iteratively removing them which is a common practice in other approaches. Second,
the existing algorithms lack applicable implementation. We address this by implementing O18Quant using C# under Microsoft.net
framework and R. O18Quant automatically calculates the peptide/protein relative ratio and provides a friendly graphical user
interface (GUI) which allows the user to manually validate the quantification results at scan, peptide, and protein levels. The intuitive
GUI of O18Quant can greatly enhance the user’s visualization and understanding of the data analysis. O18Quant can be downloaded
for free as part of the software suite ProteomicsTools.

1. Introduction
Proteomic research refers to high-throughput studies of
large amount of proteins. With the rise of high-throughput
sequencing, many researchers have shifted their focus to
the genome using RNAseq technology. However, highthroughput sequencing technology does not help us answer
proteomic questions, and the study of proteomics provides an
entirely different level of genomic understanding. For example, messenger RNA abundance does not always translate
into protein abundance [1], posttranslational modification is
not observable through RNAseq, and protein degradation
rate may play a significant role in protein content [2]. Thus,
proteomics should always be a pivotal part of our quest to
understand the complete human biology.
Mass spectrometry is a powerful method for quantifying
proteins. It produces spectra of masses of molecules from

the protein. The spectra can be used to determine the isotopic
signature of the sample. Labeling is a nonoptional step in
mass spectrometry. There are currently four major labeling
techniques: SILAC, ICAT, ITRAQ, and 18 O. Compared to
other labeling techniques, 18 O labeling requires less reagents
and synthetic steps. However, 18 O labeling does require extra
time and labels. Our software O18Quant is specially designed
for 18 O labeled data.
Isotopic labeling has been commonly used for the quantification of peptides and proteins in biological samples
[3, 4]. A natural extension of isotopic labeling is isotope
dilution analysis [5]. Isotope dilution analysis is usually
conducted in comparative scenarios, because it is difficult
to accurately obtain absolute measurement [6]. During the
comparative method, usually, labeled proteins obtained from
an unstressed system are pooled together with the same
amount of unlabeled protein from a second stressed system.
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Then, mass spectrometry is performed on the combined pool
to obtain differentially expressed proteins between stressed
and unstressed systems.
Researchers have developed a more convenient isotope
dilution approach taking advantage of 18 O, which can be
easily added to peptides by the enzyme-catalyzed incorporation of oxygen in the C-terminal carboxylic acids during
the digestion step [7]. A quick equilibrium can be achieved
by exchanging at either or both of the C-terminal carboxyl
oxygen atoms if the kinetics for complex formation is faster
than the digestion time. Thus, the 18 O/16 O ratio can be used
to estimate the relative abundance of the protein between
the stressed and unstressed systems. Since the early 2000s,
proteolytic 18 O-labeling has been commonly adopted for use
in comparative proteomics because it can uniformly label all
peptides from different kinds of proteins [8–10].
During the last ten years, multiple algorithms [11–15]
have been developed to analyze high-resolution proteolytic
16
O/18 O labeled mass spectra. Unfortunately, the majority of
these algorithms lack actual implementation. Few software
packages are freely available for users. Thus, there is a strong
interest in developing a software package for 16 O/18 O labeled
protein ratio calculation and validation. Here we present
a semiautomatic tool, O18Quant, for analysis of such data.
O18Quant differs from other previously published algorithms
in two major ways. First, O18Quant has been implemented
using C# and R, and a useable package is available for
download. Second, O18Quant uses RLM to compute protein
ratios. RLM accounts for the effect of outlier peptides instead
of completely removing them iteratively. RLM has also been
used in the evaluation of peptide identifications [16], reducing
technical variability in functional protein microarrays [17],
and SILAC peptide ratio calculation [18].
O18Quant calculates the protein ratio automatically
based on user-predefined parameters such as purity of
18
O water and resolution of mass spectrometry. Then the
quantification results can be manually validated at scan,
peptide, and protein levels through a user-friendly GUI.
Only protein quantifications that pass quality control at all
three levels are considered to be used in further analysis.
O18Quant and its source code can be downloaded freely
from https://github.com/shengqh/RCPA.Tools/releases/ and
its detailed introduction can be viewed at https://github.com/
shengqh/RCPA.Tools/wiki/.

2. Materials and Methods
2.1. Preparation of 18 O Labeled Test Samples. To demonstrate
O18Quant’s effectiveness, we excised retina samples from a
three-month-old male Sprague-Dawley weanling rat (Harlan
Inc., Indianapolis, IN) as described previously [19]. The
excised retinas were suspended in 400 𝜇L of 100 mM ammonium bicarbonate containing a protease inhibitor cocktail
(Sigma-Aldrich, St. Louis, MO), and proteins were extracted
by ultrasonication (4.5 kHz three times for 9 s with a 3 min
pause on ice between the strokes) using a VirSonic 100
ultrasonic cell disrupter (SP Scientific, Gardiner, NY). The
resulting protein extract was centrifuged at 15,000 g for
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10 min, and the supernatant was collected. The proteins in the
supernatant were then precipitated by mixing with a 4-fold
excess volume of ice-cold acetone and left for 1 h at −20∘ C. The
protein precipitate was solubilized in 400 𝜇L of formic acidmethanol (1 : 1, v/v) and subjected to performic acid oxidation
to oxidatively cleave disulfide bonds [20]. After the reaction,
the reaction mixture was dried in a SpeedVac, redissolved in
200 𝜇L of 100 mM ammonium bicarbonate containing 2 M
urea, and the amount of dissolved protein was determined
with a DC protein assay kit (Bio-Rad, Hercules, CA). A total
of 100 𝜇g of protein was digested by trypsin (1 : 50 substrate
to protein ratio, w/w) at 25∘ C for 16 h. After the digestion,
the digest was desalted using Vydac C18 UltraMicro Tip
Column (The Nest Group, Southborough, MA) as per the
manufacturer’s instructions, divided equally into two tubes,
and dried in a SpeedVac. Then, the digests were redissolved
in 100 𝜇L 100 mM N-ethylmorpholine-acetic acid buffer at
pH 6 made either with H2 16 O or H2 18 O. The peptides were
then incubated with trypsin (1 : 50 substrate to protein ratio,
w/w) at 25∘ C for 16 h to incorporate 16 O or 18 O, respectively,
into the carboxyl termini of the peptides [21]. Following the
oxygen labeling reaction, the reaction mixtures were dried,
redissolved in 100 𝜇L formic acid-methanol (1 : 1, v/v), and
subjected to performic acid oxidation to inactivate trypsin.
2.2. LC-MS/MS Analysis. The resulting 16 O and 18 O labeled
samples were dissolved in 0.1% formic acid, mixed in 1 : 2,
1 : 1, and 2 : 1 ratios, and analyzed by LC-MS/MS using
an UltiMate 3000 LC system (Dionex, San Francisco, CA,
USA) interfaced to an LTQ-Orbitrap XL mass spectrometer
(Thermo-Finnigan, Bremen, Germany) [22]. Peptides were
chromatographed on a reverse phase column (C18, 75 𝜇m
× 150 mm, 3 𝜇m, 100 >; Dionex) using a linear gradient
of acetonitrile from 0% to 40% in aqueous 0.1% formic
acid over a period of 90 minutes at 300 nL/minute. The
mass spectrometer was operated in a data-dependent MS to
MS/MS switching mode, with the eight most intense ions
in each MS scan subjected to MS/MS analysis. MS spectra
were acquired at 60,000 resolution (FWHM) in the Orbitrap
detector (∼1 s cycle time) and MS/MS spectra were in the ion
trap by collision-induced dissociation (CID). Automatic gain
control (AGC) target for MS acquisition was set to 5 × 105 .
Maximum ion injection times for MS1 and MS2 were 500 and
100 ms, respectively. The threshold intensity for the MS/MS
trigger was set at 1,000 and normalized collision energy
(NCE) at 35. The data were collected in profile mode for the
full scan and in centroid mode for the MS/MS scans. The
dynamic exclusion function for previously selected precursor
ions was enabled during the analysis such that the following
parameters were applied: repeat count of two, repeat duration
of 45 s, exclusion duration of 60 s, and exclusion size list of
150. Xcalibur software (version 2.2, Thermo-Finnigan Inc.)
was used for instrument control, data acquisition, and data
processing.
2.3. Mass Spectrometry Data Analysis. Proteins were identified by comparing all of the experimental peptide MS/MS
spectra to the Swiss-Prot database using Mascot database
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search software (version 2.3.2, Matrix Science, London, UK).
Oxidation of cysteine to cysteic acid and methionine to
methionine sulfone was set as fixed modifications while the
modification of the C-terminal carboxyl group with 18 O
was a variable modification. The mass tolerance was set to
10 ppm for the precursor ion and to 0.8 Da for the product
ion. Strict trypsin specificity was applied, allowing for one
missed cleavage. Only peptides with a minimum score of 20
were considered significant. BuildSummary [23] was used
to generate a confident protein list with a false discovery
rate for both peptide and protein of ≤0.01. Only the proteins
with at least two unique peptides were used in quantification
analysis.
2.4. Peptide Abundance Estimation. For each identified peptide with observed mass-to-charge m/z, charge z,18 O modification state 𝑠, and user-defined purity of H2 18 O 𝑝, the
abundance of the peptide from the light sample A (light) and
the heavy sample A (heavy) was calculated.
The nature form, the heavy forms with one or two
18
O labels of the peptide as 16 O, 18 O1 , and 18 O2 , and the
abundance of those three forms are A (16 O), A (18 O1 ), and
A (18 O2 ), the corresponding mass-to-charge of those three
forms can be theoretically predicted by formula (1a) to (1c),
respectively:
{𝑚 − 2 ∗ 𝑑
=
𝑧
{𝑧
𝑧 ( 16 O)
𝑚
{
𝑚

𝑚 𝑑
{
if
{ −
𝑧 𝑧
= {𝑚
18
𝑑
𝑧 ( O1 ) { +
if
{𝑧 𝑧
𝑚
{
{𝑧
𝑚
= {𝑚
𝑑
𝑧 ( 18 O2 ) { + 2 ∗
𝑧
{𝑧
𝑚

if 𝑠 = modified
if 𝑠 = unmodified,
𝑠 = modified
𝑠 = unmodified,

(1a)

(1b)

𝑛

𝑘=1

V1
[ V2
[
[ V3
𝑋=[
[ V4
[
[ V5
[V6

0
0
V1
V2
V3
V4

0
0]
]
0]
].
0]
]
V1 ]
V2 ]

(3)

The
expected
abundance
vector
𝐴
=
{𝐴( 16 O), 𝐴( 18 O1 ), 𝐴( 18 O2 )} can be estimated by solving the
formula (4) using the nonnegative least square model:
𝑦 = 𝑋 ∗ 𝐴.

(4)

(1c)

where 𝑑 = mass( 18 O isotope) − mass( 16 O isotope).
The potential isotope cluster of the peptide is predicted as 𝑚𝑝 = {𝑚( 16 O), 𝑚( 16 O) + 𝑐, 𝑚( 18 O1 ), 𝑚( 18 O1 ) +
𝑐, 𝑚( 18 O2 ), 𝑚( 18 O2 ) + 𝑐}, where 𝑐 = mass( 13 C isotope) −
mass( 12 C isotope).
From the scan in which the peptide is identified, the ions
of the potential isotope cluster in previous and next scans
are extracted from the raw data until the charges of both
𝑚/𝑧( 16 O) and 𝑚/𝑧( 18 O2 ) ions equal zero meaning there is
not enough evidence to support the isotope cluster in that
scan. Assuming that there are 𝑛 scans containing a potential
isotope cluster, an overall observed abundance vector 𝑌 =
{𝑦1 , 𝑦2 , 𝑦3 , 𝑦4 , 𝑦5 , 𝑦6 } is calculated by formula (2) where 𝑖
indicates the position of the ion in the isotope cluster and 𝑘
indicates the 𝑘th scan. Consider
𝑦𝑖 = ∑ 𝑎𝑘,𝑖 .

A theoretical isotopic abundance vector 𝑉 = {V1 , V2 , V3 ,
V4 , V5 , V6 } is generated by emass algorithm [24] based on the
sequence of the peptide 𝑝. Then a matrix 𝑋 is constructed,
where each row indicates the theoretical isotopic abundance
contributed by 16 O, 18 O1 , and 18 O2 , respectively, for an ion in
the isotope cluster. Consider

Then, A (light) and A (heavy) are calculated by the
method described by Mason et al. [13].

if 𝑠 = modified
if 𝑠 = unmodified,

Figure 1: O18 Quantification calculator. The interface is used to
calculate peptide/protein relative ratios automatically. User can
control the values of various parameters and load in raw data using
this interface.

(2)

2.5. Protein Quantification. For each protein, multiple peptides may be detected and quantified. Other than combining
an outlier rejection scheme with other peptide-to-protein
algorithms [25], a robust fitting of linear models is used in
our method to estimate the protein ratio from the unlabeled
and labeled abundance of each peptide. Detailed information
about the algorithm is described in the R package “MASS”
(http://cran.r-project.org/web/packages/MASS/index.html).

3. Results and Discussion
3.1. Implementation. The software was implemented using
C# and R. R environment is required for peptide-to-protein
ratio calculation. Two GUIs are built into O18Quant. The
first GUI, O18 Quantification Calculator (Figure 1), is used
to automatically extract ions of a potential isotope cluster
from the raw file, calculate peptide abundance, estimate
protein ratios, and export preliminary quantification result
to a tab delimited file. The second GUI, O18 Quantification
Summary Viewer (Figure 2), is used to load the preliminary
quantification result, validate the result at protein, peptide,
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Figure 2: O18 Quantification Summary Viewer. The interface is used to validate the quantification result at protein/peptide/scan level.

and scan levels, and export the validated results. The protein
and peptide information are displayed in a spread sheet
(Figure 2 left). The scatter plot and RLM fitted line can be
visualized within this GUI (Figure 2 right). This GUI allows
users to perform visual quality control and manually exclude
proteins and peptides with problematic ratios using simple
point and click controls.

(3) Scan Level. The profile of ion intensity in each scan
can be used to validate the scan quality.

the first entry in top left table and the red spots in top
right and bottom right graphs, in Supplementary Material
available online at http://dx.doi.org/10.1155/2014/971857).
Two peptides were quantified in protein ATP5I RAT with
respective ratios of 3.09 and 50 (Supplementary 1 Figure 1,
the bottom left table). The one with sequence R.YSYLKPR.A
and ratio 50 was highly questionable. The corresponding
peptide validation page was opened by double clicking the
peptide entry (Supplementary 1, Figure 2). The first seven
scans contained an unusual 18O(1) ion whose abundance
was larger than both 16O and 18O(2) ions. The directions
of mass difference between theoretical and observed
16O/O18(1)/O18(2) ions were also different between the
first seven scans and the last four scans. Both observations
indicate that the detected ions in the first seven scans might
belong to another peptide with very similar elution time, and
the precursor 𝑚/𝑧 of that peptide was very close to the 18O(1)
ion of peptide YSYLKPR. Then, the peptide abundance was
calculated using only the last four scans. The ratio of the
peptide became 3.36 and the ratio of the protein became
3.13, which was more similar to the designed ratio. Detailed
validation procedures are described at Supplementary 1.

To demonstrate the practicality and efficiency of
O18Quant’s visualization functionality, we chose the protein
ATP5I RAT with the highest ratio of 65.8 in a 2 : 1 sample to
validate if that ratio was correct (see Supplementary Figure 1,

3.3. Quantification Result. Table 1 illustrates the identified
and quantified peptides/proteins in three known-ratio samples. All proteins with at least two peptides identified were

3.2. Visualization and Validation. Three levels of quantification information were stored and visualized for validation.
(1) Protein Level. Ideally, the peptides from the same
protein should have similar relative ratios. From the
plot of light/heavy abundances of peptides for each
protein, we can easily identify outlier peptides for
further validation.
(2) Peptide Level. For the questionable peptides, the overall scan information of each peptide can be used to
validate if the LC peak boundary is properly detected.
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Figure 3: Histogram of log2(ratio) for the three known-ratio samples. Top/bottom three graphs were generated from the data before/after
manual validation.

Table 1: Identified and quantified proteins from three known-ratio samples.
Sample
O18/O16 = 1 : 1
O18/O16 = 1 : 2
O18/O16 = 2 : 1
∗

Identified
peptides

Identified
proteins

Identified unique
2 proteins∗

Quantified
peptides

Quantified
proteins

Quantified unique
2 proteins∗

752
993
813

257
325
281

138
180
162

726
961
779

251
315
272

138
180
162

Unique 2 protein means that protein was identified with at least two unique peptides.

quantified while some proteins with only one peptide identified failed to be quantified. Here, unique peptides mean
peptides with identical sequences without considering their
modification states.
The quantification result before and after careful manual validation of the three samples with designed labeled/

unlabeled ratio 1 : 1, 1 : 2, and 2 : 1, respectively, was illustrated
as in Figure 3. Only proteins with at least two unique peptides
identified were used. The mean and standard deviation of
log2(ratio) before manual validation from the three samples
were 0.15 ± 0.34, −1.35 ± 0.29, and 1.34 ± 0.47. After careful
validation of the peptides with extreme ratios, the mean
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and standard deviation of log2(ratio) from the three samples
became 0.18±0.14, −1.38±0.23, and 1.35±0.17. The standard
deviations decreased significantly.
3.4. Export Protein/Peptide Summary. After manual validation, the quantification result can be exported to CSV
format at protein, peptide, and scan levels for further analysis
with additional customizable features. O18Quant allows the
protein and peptide level quantification information to be
exported into single or separated files. O18Quant is the only
tool publicly available now that can export the quantification
result at all three levels.

4. Conclusions
Proteomic research remains a key component in unlocking the treatment of many human diseases. Here, we
present O18Quant, a software package implemented using
Microsoft.net framework (C#) and R. O18Quant improves
the previous 18 O/16 O estimation algorithms in two major
areas. First, we employed the RLM model to account for the
effect of outliers/extreme values rather than removing them.
Second, O18Quant can automate the process of calculating
the peptide/protein relative ratio with an intuitive userfriendly GUI. The GUI provides tremendous convenience for
users to conduct validation of the quantification results at
scan, peptide, and protein levels. O18Quant is free and it will
be consistently supported in the coming years.
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Oxidative stress resulting from an increased amount of reactive oxygen species and an imbalance between oxidants and antioxidants
plays an important role in the pathogenesis of asthma. The present study tested the hypothesis that genetic susceptibility to allergic
and nonallergic variants of asthma is determined by complex interactions between genes encoding antioxidant defense enzymes
(ADE). We carried out a comprehensive analysis of the associations between adult asthma and 46 single nucleotide polymorphisms
of 34 ADE genes and 12 other candidate genes of asthma in Russian population using set association analysis and multifactor
dimensionality reduction approaches. We found for the first time epistatic interactions between ADE genes underlying asthma
susceptibility and the genetic heterogeneity between allergic and nonallergic variants of the disease. We identified GSR (glutathione
reductase) and PON2 (paraoxonase 2) as novel candidate genes for asthma susceptibility. We observed gender-specific effects of
ADE genes on the risk of asthma. The results of the study demonstrate complexity and diversity of interactions between genes
involved in oxidative stress underlying susceptibility to allergic and nonallergic asthma.

1. Introduction
Bronchial asthma (BA) is a common chronic inflammatory
disease of the airways characterized by variable and recurring
symptoms, reversible airflow obstruction, and bronchospasm
[1]. There is a considerable body of evidence demonstrating
that asthma is a multifactorial disease which results from
complex interactions between susceptibility genes of smallto-modest effects and equally important environmental factors [2, 3].
In the recent years, the relationships between common
genetic variants and BA risk are being reported with rapidly

increasing frequency. Large-scale genome-wide association
studies (GWAS) have been recently done to look for asthma
susceptibility genes in ethnically diverse populations of the
world [4, 5]. However, the findings obtained by GWAS
were limited by the strongest associations of a few number
of genetic variants that achieved genome-wide significance
level. In addition, the genome-wide associations are found to
be quite difficult to interpret with respect to disease pathogenesis [4–7]. Meanwhile, hundreds to thousands of genetic
markers associated with a disease risk are not interpreted
because they have not achieved the genome-wide significance level, thus accounting for the “missing heritability” of
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complex diseases [8]. This means that GWAS approach is
powerless in the detecting genes of small-to-modest effects
which represent a polygenic background of multifactorial
disease. Additionally, genetic diversity of human populations
[9], heterogeneity of disease pathogenesis [10], and especially
a complexity of gene-gene interactions [11, 12] complicate
our opportunities in unraveling the molecular mechanisms
underlying complex diseases including asthma.
It is widely agreed that the expression of a disease phenotype may not accurately be predicted from the knowledge of
the effects of individual genes because of complex nonlinear
interactions between genes, including epistatic and additive
interactions [8, 13]. To address this issue, several powerful
data-mining approaches have been developed to identify
susceptibility genes involved in such complex interactions
[14–16]. One of them, multifactor dimensionality reduction
(MDR) method, was developed to reduce the dimensionality
of multilocus information to improve the ability to detect
genetic combinations that confer disease risk in relatively
small samples [16, 17]. With set association analysis (SAA),
contributions from multiple SNPs are combined by forming
a sum of single-marker statistics, which results in a single
genome-wide test statistic with high power [14].
An important task for a genetic epidemiologist utilizing
a candidate gene approach is the selection of appropriate
genes and SNPs for testing the disease association. Compared
with studying individual genes, the inferences derived from
a hypothesis-driven candidate pathway study are enhanced
by allowing global conclusions about the involvement of
entire biochemical pathway to the pathogenesis of disease
[18]. Following this approach in our previous study [19],
we pointed out the potential relevance of toxicogenomic
mechanisms of BA in the modern world and proposed that
genes for xenobiotic-metabolizing enzymes would be the
most appropriate candidate genes for asthma susceptibility
whose effects on the disease risk can be associated with
exposure to air pollution. Due to the fact that air pollutants
are the sources of reactive oxygen species (ROS), genes
involved in oxidative stress can potentiate harmful effects of
xenobiotics on the respiratory system [20, 21].
It is well known that oxidative stress resulting from
an increased amount of ROS and an imbalance between
oxidants and antioxidants plays a role in the molecular
mechanisms underlying BA [22–24]. We have demonstrated
that genes of antioxidant defense enzymes (ADE), such as
glutamate cysteine ligase (GCLM) [25], glutathione peroxidase (GPX1) [26], catalase (CAT) [27], myeloperoxidase
(MPO) [28], NADPH oxidase (CYBA, p22phox subunit)
[29, 30], NAD(P)H: quinone oxidoreductase type 1 (NQO1)
[31] and microsomal epoxide hydrolase (EPHX1) [19], are
important determinants of genetic susceptibility to asthma
in Russians. In the present study, we tested the hypothesis
that genetic susceptibility to both allergic and nonallergic
asthma is determined by complex interactions between genes
involved in oxidative stress. We performed for the first time a
comprehensive analysis of genomic interactions between 34
ADE genes and 12 other candidate genes in order to identify gene-gene interactions in redox homeostasis underlying
polygenic mechanisms of BA.
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2. Materials and Methods
2.1. Study Population. The study protocol was approved
by the Ethical Review Committee of Kursk State Medical
University, and written informed consent was obtained from
each participant before the study. The participants comprised
a total of 429 unrelated individuals (215 patients with asthma
and 214 healthy controls); all are ethnically Russians from
Central Russia (mainly from the Kursk region). All study
subjects were recruited from the Division of Pulmonology at
the Kursk Regional Clinical Hospital between 2003 and 2004.
Asthma was diagnosed by qualified pulmonologists on the
basis of the WHO criteria, as described previously [19, 32].
The mean age of the patients with asthma (94 men and 121
women) was 43.3 years (ranging from 16 to 67 years), and the
mean age of the healthy subjects (105 men and 109 women)
was 41.3 years (ranging from 17 to 84 years). Skin prick tests
were conducted and total serum IgE levels were determined
in all study subjects. Patients with positive skin prick tests and
high level of total IgE were defined as patients with allergic
asthma (64 men and 92 women). Asthmatics who showed
either negative skin prick test results (wheal size: <5 mm)
or a normal total IgE level (<0.35 IU) were considered to be
patients with nonallergic asthma (29 men and 27 women).
Data on allergic status were not available for three asthmatics.
A strong positive family history of asthma was found in the
case group (40.1%) in comparison with controls (6.7%).
2.2. Selection of Candidate Genes. The candidate genes for
this study were selected according to the guidelines for
genetic association studies proposed by Cooper and coauthors [33]. We used the following criteria to select ADE
genes and their genetic polymorphisms satisfying our study’s
purposes: (1) enzymes should represent key players involved
in the regulation of redox processes; (2) enzymes should
cover all biochemical pathways of redox homeostasis entirely,
including enzymes possessing antioxidant activity (GPX1,
SOD2, CAT, GSTM1, etc.) and those with prooxidant activity
(i.e., ROS-generating enzymes such as CYBA, MPO, and
CYP2E1); (3) enzymes should be expressed in the lung and/or
airways (the expression patterns of the selected ADE genes in
human tissues and organs are shown in Supplementary Material available online at http://dx.doi.org/10.1155/2014/708903);
(4) SNPs should be functionally significant, whenever possible; and (5) minor allele frequency should be more than
5%. Following these criteria, 34 polymorphisms of 24 ADE
genes have been selected from published literature and public
databases.
2.3. DNA Extraction and Genotyping. Genomic DNA of all
study participants was isolated from 5–10 mL of peripheral
blood samples, collected in K3-EDTA tubes by venipuncture,
and maintained at −20∘ C until processed. Twenty-five of the
selected gene polymorphisms had been genotyped in our
previous studies [19, 25–31]. In the present study, another
nine ADE gene polymorphisms such as GPX2 (rs17880492),
GPX3 (rs2070593) GPX4 (rs713041), GSR (rs2551715), SOD2
(rs4880), SOD3 (rs2536512), PRDX1 (rs17522918), TXNRD1

BioMed Research International
(rs1128446), and FMO3 (rs2266782) have been genotyped.
Additionally, we genotyped 12 polymorphisms of 9 candidate
genes of asthma such as TNF (rs1800629), IL1B (rs16944), IL3
(rs40401 and rs31480), IL5 (rs2069812), CSF2RB (rs131840),
IL9 (rs2069885), SCGB1A1 (rs11549442), and SERPINA1
(rs17580, rs143370956, and rs11568814). Majority of them have
been reported to be associated with the risk of asthma and/or
asthma-related phenotypes in Russians [34–37]. A complete
list of 46 studied SNPs is given in Table 1. Genotyping of the
selected polymorphisms was done using restriction fragment
length polymorphism assays according to the published
protocols (genotyping protocols are available upon request).
All of the genotyping was done blindly to the case-control
status and the repeatability test was conducted for the 5% of
total subjects, resulting in a 100% concordance rate.
2.4. Statistical Analysis. The concordance of genotypes prevalence in patients with asthma and healthy controls with values
expected under Hardy-Weinberg equilibrium was assessed
by Pearson’s chi-square test. The association between ADE
gene polymorphisms and asthma was examined with binary
logistic regression analysis with calculation of odds ratios
(OR) and 95% confidence intervals (CI). The statistical
calculations were done using Statistica for Windows (v8.0)
software package (StatSoft; Tulsa, OK, USA). The statistical
significance was established at the 𝑃 ≤ 0.05 level. Bonferroni
correction for 𝑃 values (𝑃adj ) was applied in cases when
multiple tests were performed.
Two bioinformatic approaches, SAA and MDR, were
applied for the analysis of gene-gene interactions. The
principle of SAA is described in detail elsewhere [14,
55] and implemented in a statistical program SUMSTAT
(http://linkage.rockefeller.edu/ott/sumstat.html/). Briefly, the
method combines the information derived from measurements of allelic/genotype association and departure from
Hardy-Weinberg equilibrium into a single, genome-wide
statistic. The markers with high Hardy-Weinberg disequilibrium (HWD) values in the control group are trimmed and
are not considered for further analysis. For the remaining
markers, effects of allelic/genotype association with disease
and HWD values are then combined into a single Sum statistic [56]. 𝑃 values reported by the program were calculated
by permutations. The number of permutation tests was set at
10000.
MDR is a flexible nonparametric and genetic model free
method for analysis of high-order nonlinear or nonadditive
gene-gene interactions [15]. The method has been proposed
to overcome limitation of logistic regression which deals
with many factors simultaneously and fails to characterize epistatic models in the absence of main effects, due
to the hierarchical model-building process leading to an
increase in type II errors and decreased power [17]. The
MDR method uses a constructive induction algorithm that
converts two or more variables such as SNPs into a single
attribute. In particular, SNPs are pooled into high and low
risk group, effectively reducing the multifactor prediction
from 𝑛 dimension to one dimension. Best models for each
locus combination are selected by repeating the analysis
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for up to 10 seeds after shuffling the order of individuals
and applying 10-fold cross-validation each time. Average of
cross-validation consistency (CVC) together with training
and test accuracy is calculated for each locus combination.
CVC is defined as the number of times a particular interaction model is selected across 10 cross-validation datasets.
We performed statistical calculations using MDR software
(http://www.multifactordimensionalityreduction.org/). Statistical significance of the best models selected for each
SNP combination was determined using 1000-fold permutation testing. The significance of the final MDR model
was determined empirically by 1000 permutations using
the Monte-Carlo procedure implemented into the MDRpt
software (http://sourceforge.net/projects/mdr/). 𝑃 values for
CVC were considered statistically significant at ≤0.05 levels.
To visualize and interpret the results obtained from MDR, we
used interaction dendrograms.
Both the SAA and MDR are limited by the identification of a few number of high penetrance interacting
genes, whereas a larger portion of genes of low-to-moderate
effects remain out of the analysis. To address this issue,
we performed post hoc comparisons of two-locus genotype
combinations (only for those SNPs which were found in
gene-gene interaction models obtained by SAA and/or MDR
methods) between the case and control groups to look for the
genotype combinations which determine the risk of asthma.
The observed associations were adjusted for multiple tests
using Bonferroni procedure.

3. Results
3.1. Allele and Genotype Frequencies in Asthmatics and Controls. Allele and genotype frequencies of the studied genes
are shown in Tables 2 and 3, respectively. After adjusting
for multiple tests, the only statistically significant association
was found between the IL5 C-703T polymorphism and BA.
The −703CC genotype was found to be associated with the
risk of allergic asthma (OR = 0.44; 95% CI 0.29–0.67; 𝑃 =
0.0001 (𝑃adj ) = 0.004). In gender-specific analysis, this
association was seen in both men (OR = 0.50; 95% CI 0.27–
0.94; 𝑃 = 0.03) and women (OR = 0.40; 95% CI 0.22–
0.70; 𝑃 = 0.001) but did not reach a statistical significance
after Bonferroni correction for multiple tests (𝑃 > 0.05).
No association of this genotype was found with nonallergic
asthma in both sexes.
3.2. Gene-Gene Interactions in Asthma Revealed by Set Association Analysis. Taking into account the polygenic basis
of asthma, it was an important task to investigate highorder gene-gene interactions using specialized bioinformatics approach called set association analysis which captures the
simultaneous effects of multiple genes and achieves a global
view of gene action and interaction [14, 55]. For trimming, we
considered values of departures from HWE (HWD values)
exceeding the 99th percentile of chi-square (𝜒2 ≥ 6.6,
𝑑𝑓 = 1) in the control group [14]. There were no HWD
values larger than 6.6 in the control subjects, so the trimming
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Table 1: Description of the polymorphisms included in this study.
Gene symbols
(HGNC)
1
2
1
GPX1
2
GPX2
3
GPX3
4

GPX4

5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39

GSR
SOD2
SOD3
CAT
CAT
GCLM
GCLM
NQO1
NQO1
CYBA
CYBA
CYBA
MPO
PRDX1
TXNRD1
FMO3
CYP1A1
CYP1A1
CYP2E1
CYP2E1
CYP2E1
CYP2E1
EPHX1
EPHX1
PON1
PON2
GSTM1
GSTT1
GSTP1
GSTP1
TNF
IL1B
IL3
IL3
IL5
CSF2RB
(IL5RB)
IL9
IL13
SCGB1A1
(CC16)
SERPINA1
SERPINA1
SERPINA1

40
41
42
43
44
45
46

Gene name
3
Glutathione peroxidase 1
Glutathione peroxidase 2 (gastrointestinal)
Glutathione peroxidase 3 (plasma)
Glutathione peroxidase 4 (phospholipid
hydroperoxidase)
Glutathione reductase
Superoxide dismutase 2, mitochondrial
Superoxide dismutase 3, extracellular
Catalase
—//—
Glutamate-cysteine ligase, modifier subunit
NAD(P)H dehydrogenase, quinone 1
—//—
Cytochrome b-245, alpha polypeptide
—//—
—//—
Myeloperoxidase
Peroxiredoxin 1
Thioredoxin reductase 1
Flavin-containing monooxygenase 3
Cytochrome P450, family 1, subfamily A, polypeptide 1
Cytochrome P450, family 2, subfamily
E, polypeptide 1
—//—
—//—
Epoxide hydrolase 1, microsomal (xenobiotic)
Paraoxonase 1
Paraoxonase 2
Glutathione S-transferase mu 1
Glutathione S-transferase theta 1
Glutathione S-transferase pi 1
—//—
Tumor necrosis factor
Interleukin 1, beta
Interleukin 3 (colony-stimulating factor, multiple)
Interleukin 5 (colony-stimulating factor, eosinophil)
Colony stimulating factor 2 receptor, beta, low-affinity
(granulocyte-macrophage)
Interleukin 9
Interleukin 13
Secretoglobin, family 1A, member 1 (uteroglobin)
Serpin peptidase inhibitor, clade A (alpha-1
antiproteinase, antitrypsin), member 1

Polymorphism (SNP)

Location

SNP ID

4
C>T (P198L)
G>A (R146C)
249G>A

5
exon 1
exon 2
3 UTR

6
rs1050450
rs17880492
rs2070593

C718T

3 UTR

rs713041

T>C (30546636T>C)
A16V
A40T (A58T)
−21A>T (−89A>T)
−262C>T (4760C>T)
−588C>T (4704C>T)
−23G>T
P187S
R139W
242C>T (Y72H)
640A>G (24G>A)
−930A>G
−463G>A (4535G>A)
C>A
C>G
E158K
I462V
T6235C
−1293G>C
−1053C>T
7632T>A
9896C>G
Y113H (337T>C)
H139R (416A>G)
Q192R
C311S
Expressor/deletion
Expressor/deletion
I105V
A114V
−308G>A
−511C>T
S27P
−15C>T
C-703T

intron 9
exon 2
exon 3
5 UTR
5 UTR
5 UTR
5 UTR
exon 6
exon 4
exon 4
3 UTR
5 UTR
5 UTR
5 UTR
5 UTR
exon 4
exon 7
3 UTR
5 UTR
5 UTR
intron 6
intron 7
exon 3
exon 4
exon 6
exon 9
exons 6-7
exon 4
exon 5
exon 6
5 UTR
5 UTR
exon 1
5 UTR
5 UTR

rs2551715
rs4880
rs2536512
rs7943316
rs1001179
rs41303970
rs743119
rs1800566
rs4986998
rs4673
rs1049255
rs9932581
rs2333227
rs17522918
rs1128446
rs2266782
rs1048943
rs4646903
rs3813867
rs2031920
rs6413432
rs2070676
rs1051740
rs2234922
rs662
rs7493
—
—
rs1695
rs1138272
rs1800629
rs16944
rs40401
rs31480
rs2069812

G1972A

exon 5

rs131840

T113M
−1111C>T

exon 5
5 UTR

rs2069885
rs1800925

A38G

exon 1

rs11549442

E288V
D365N
1331G>A

exon 3
exon 5
3 UTR

rs17580
rs143370956
rs11568814
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Table 2: Allele frequencies of genes investigated in the present study.
Gene

1

Polymorphism

2

GPX2

G>A
(rs17880492)

GPX3

G>A
(rs2070593)

GPX4

C718T
(rs713041)

GSR

T>C
(rs2551715)

SOD2

A16V
(rs4880)

SOD3

A40T
(rs2536512)

PRDX1

C>A
(rs17522918)

TXNRD1

C>G
(rs1128446)

FMO3

E158K
(rs2266782)

TNF

−308G>A
(rs1800629)

IL1B

−511C>T
(rs16944)

IL3

S27P
(rs40401)

IL3

−15C>T
(rs31480)

IL5

C-703T
(rs2069812)

IL5RB
(CSF2RB)

G1972A
(rs131840)

IL9

T113M
(rs2069885)

IL13

−1111C>T
(rs1800925)

CC16
(SCGB1A1)

A38G
(rs11549442)

SERPINA1

E288V
(rs17580)

SERPINA1

D365N
(rs143370956)

SERPINA1

1331G>A
(rs11568814)

∗

Alleles

Allele frequency
Asthma, entire group
Allergic asthma
Controls (𝑛 = 214)
(𝑛 = 215)
(𝑛 = 156)

Nonallergic asthma
(𝑛 = 56)

3

4

5

6

7

G
A
G
A
718T
718C
T
C
16A
16V
40A
40T
C
A
C
G
158E
158K
−308G
−308A
−511C
−511T
27S
27P
−15C
−15T
−703C
−703T
1972G
1972A
113T
113M
−1111C
−1111T
38A
38G
288E
288V
365D
365N
1331G
1331A

0.991
0.009
0.703
0.297
0.402
0.598
0.442
0.558
0.528
0.472
0.322
0.678
0.923
0.077
0.808
0.192
0.549
0.451
0.888
0.112
0.710
0.290
0.738
0.262
0.741
0.259
0.673
0.327
0.831
0.169
0.820
0.180
0.729
0.271
0.347
0.653
0.993
0.007
0.991
0.009
0.937
0.063

0.981
0.019
0.726
0.274
0.391
0.609
0.398
0.602
0.486
0.514
0.321
0.679
0.937
0.063
0.821
0.179
0.537
0.463
0.872
0.128
0.664
0.336
0.685
0.315
0.683
0.317
0.778
0.222∗
0.866
0.134
0.863
0.137
0.693
0.307
0.367
0.633
0.991
0.009
0.995
0.005
0.933
0.067

0.987
0.013
0.734
0.266
0.407
0.593
0.362
0.638∗
0.481
0.519
0.324
0.676
0.942
0.058
0.808
0.192
0.529
0.471
0.875
0.125
0.670
0.330
0.686
0.314
0.686
0.314
0.788
0.212∗
0.872
0.128
0.856
0.144
0.692
0.308
0.372
0.628
0.990
0.010
0.997
0.003
0.926
0.074

0.964
0.036
0.696
0.304
0.348
0.652
0.491
0.509
0.509
0.491
0.295
0.705
0.920
0.080
0.857
0.143
0.571
0.429
0.866
0.134
0.652
0.348
0.688
0.313
0.688
0.313
0.732
0.268
0.848
0.152
0.893
0.107
0.714
0.286
0.366
0.634
0.991
0.009
0.991
0.009
0.946
0.054

𝐼𝑛𝑑𝑖𝑐𝑎𝑡𝑒𝑠 a difference in minor allele frequency between asthmatics and controls.

G>A
(rs17880492)

G>A
(rs2070593)

C718T
(rs713041)

T>C
(rs2551715)

A16V
(rs4880)

A40T
(rs2536512)

C>A
(rs17522918)

C>G
(rs1128446)

E158K
(rs2266782)

−308G>A
(rs1800629)

−511C>T
(rs16944)

S27P
(rs40401)

−15C>T
(rs31480)

GPX3

GPX4

GSR

SOD2

SOD3

PRDX1

TXNRD1

FMO3

TNF

IL1B

IL3

IL3

2

Polymorphism

GPX2

1

Gene
3
GG
GA
AA
GG
GA
AA
718TT
718TC
718CC
TT
TC
CC
16AA
16AV
16VV
40AA
40AT
40TT
CC
CA
AA
CC
CG
GG
158EE
158EK
158KK
−308GG
−308GA
−308AA
−511CC
−511CT
−511TT
27SS
27SP
273P
−15CC
−15CT
−15TT

Genotypes
Controls (𝑛 = 214)
4
5
210
98.1
4
1.9
0
0.0
105
49.1
91
42.5
18
8.4
31
14.5
110
51.4
73
34.1
40
18.7
109
50.9
65
30.4
59
27.6
108
50.5
47
22.0
21
9.8
96
44.9
97
45.3
182
85.0
31
14.5
1
0.5
140
65.4
66
30.8
8
3.7
57
26.6
121
56.5
36
16.8
170
79.4
40
18.7
4
1.9
114
53.3
76
35.5
24
11.2
120
56.1
76
35.5
18
8.4
120
56.1
77
36.0
17
7.9

Genotype distributions, 𝑛 (%)
Asthma, entire group (𝑛 = 215)
Allergic asthma (𝑛 = 156)
6
7
8
9
207
96.3
152
97.4
8
3.7
4
2.6
0
0.0
0
0.0
113
52.6
83
53.2
86
40.0
63
40.4
16
7.4
10
6.4
33
15.3
25
16.0
102
47.4
77
49.4
80
37.2
54
34.6
32
14.9
17
10.9∗
107
49.8
79
50.6
76
35.3
60
38.5
49
22.8
34
21.8
111
51.6
82
52.6
55
25.6
40
25.6
24
11.2
19
12.2
90
41.9
63
40.4
101
47.0
74
47.4
188
87.4
138
88.5
27
12.6
18
11.5
0
0.0
0
0.0
145
67.4
101
64.7
63
29.3
50
32.1
7
3.3
5
3.2
59
27.4
39
25.0
113
52.6
87
55.8
43
20.0
30
19.2
162
75.4
118
75.6
51
23.7
37
23.7
2
0.9
1
0.6
91
42.1
67
43.0∗
105
48.6
75
48.1∗
20
9.3
14
9.0
104
48.2
77
49.4
88
40.7
60
38.5
24
11.1
19
12.2
103
47.7
77
49.4
89
41.2
60
38.5
24
11.1
19
12.2

Table 3: Genotype frequencies of genes investigated in the present study.
Nonallergic asthma (𝑛 = 56)
10
11
52
92.9
4
7.1
0
0.0
28
50.0
22
39.3
6
10.7
8
14.3
23
41.1
25
44.6
15
26.8
25
44.6
16
28.6
15
26.8
27
48.2
14
25.0
4
7.1
25
44.6
27
48.2
47
83.9
9
16.1
0
0.0
42
75.0
12
21.4
2
3.6
20
35.7
24
42.9
12
21.4
42
75.0
13
23.2
1
1.8
23
41.1
27
48.2
6
10.7
25
44.6
27
48.2
4
7.1
25
44.6
27
48.2
4
7.1

6
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G1972A
(rs131840)

T113M
(rs2069885)

−1111C>T
(rs1800925)

A38G
(rs11549442)

E288V
(rs17580)

D365N
(rs143370956)

1331G>A
(rs11568814)

IL5RB
(CSF2RB)

IL9

IL13

CC16
(SCGB1A1)

SERPINA1

SERPINA1

SERPINA1

−703CC
−703CT
−703TT
1972GG
1972GA
1972AA
113TT
113TM
113MM
−1111CC
−1111CT
−1111CT
38AA
38AG
38GG
288EE
288EV
288VV
365DD
365DN
365NN
1331GG
1331GA
1331AA

Genotypes
Controls (𝑛 = 214)
90
42.1
108
50.5
16
7.5
136
67.7
62
30.9
3
1.5
146
68.2
59
27.6
9
4.2
114
53.3
84
39.3
16
7.5
25
11.8
97
45.8
90
42.5
211
98.6
3
1.4
—
—
210
98.1
4
1.9
—
—
188
87.9
25
11.7
1
0.5

𝐼𝑛𝑑𝑖𝑐𝑎𝑡𝑒𝑠 a difference in genotype frequency between asthmatics and controls.

C-703T
(rs2069812)

IL5

∗

Polymorphism

Gene

Genotype distributions, 𝑛 (%)
Asthma, entire group (𝑛 = 215)
Allergic asthma (𝑛 = 156)
132
61.1
97
62.2∗
72
33.3
52
33.3∗
12
5.6
7
4.5
160
74.1
118
75.6
54
25.0
36
23.1
2
0.9
2
1.3
159
73.6
113
72.4
55
25.5
41
26.3
2
0.9
2
1.3
101
47.0
75
48.1
96
44.7
66
42.3
18
8.4
15
9.6
28
13.0
23
14.7
102
47.4
70
44.9
85
39.5
63
40.4
212
98.1
153
98.1
4
1.9
3
1.9
—
—
—
—
214
99.1
153
98.1
2
0.9
3
1.9
—
—
—
—
187
86.6
133
85.3
29
13.4
23
14.7
0
0.0
0
0.0

Table 3: Continued.
Nonallergic asthma (𝑛 = 56)
31
55.4
20
35.7∗
5
8.9
39
69.6
17
30.4
0
0.0
44
78.6
12
21.4
0
0.0
26
46.4
28
50.0
2
3.6
5
8.9
31
55.4
20
35.7
55
98.2
1
1.8
—
—
55
98.2
1
1.8
—
—
50
89.3
6
10.7
0
0.0
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procedure to our dataset was avoided. To calculate singlelocus test statistics, we used the difference in the distribution
of genotypes for the 𝑖th SNP between cases and controls
(chi-square test for 2 × 3 tables). We tested up to 𝑁 = 46
sums (𝑆𝑛 ) in allergic and nonallergic asthma, separately in
men and women. When we added more SNPs to the 𝑆, 𝑃
values tended to increase; that is, adding additional markers
introduces noise to the 𝑆. In allergic asthma, the smallest 𝑃
values were obtained for a sum of 5 SNPs (the GPX1 P198L,
CAT −21A>T, EPHX1 H139R, GCLM −588C>T, and IL5 C703T) for men and a sum of 3 SNPs (the EPHX1 Y113H,
NQO1 R139W, and IL5 C-703T) for women (Figure 1). After
1000 permutation tests, the global significance levels (𝑃min )
of 0.0042 for men and 0.0001 for women were obtained. In
nonallergic asthma, the smallest significance levels appeared
for 5 SNPs (the GCLM −588C>T, GSR T>C, CAT −21A>T,
CYBA −930A>G, and EPHX1 Y113H) in men and for 2 SNPs
(the EPHX1 Y113H and GPX2 G>A) in women (Figure 2). The
global significance levels of 0.0003 for men and 0.0001 for
women were obtained.
3.3. Modeling for Gene-Gene Interactions in Asthma Using
MDR Method. The MDR method was used for a purpose
of modeling gene-gene interactions underlying allergic and
nonallergic asthma in men and women. Firstly, we used
an exhaustive search algorithm to evaluate all interactions
among all possible subsets of the polymorphisms. Table 4
shows the cross-validation consistency and the prediction
error for gene-gene interactions (from two- to four-locus
interactions) obtained from MDR analysis in both allergic
and nonallergic asthma. The only statistically significant
(empirical 𝑃 = 0.001) three-locus model involving interactions between EPHX1 Y113H, IL5 C-703T, and GPX1 P198L
loci was discovered. The model had a minimum prediction
error of 40.9 and a maximum cross-validation consistency of
50% in allergic asthma in women (𝑃min = 0.001). None of the
rest 𝑛-locus models in both allergic and nonallergic asthma
showed a statistical significance in the MDR analysis using an
exhaustive search algorithm, thereby motivating us to apply
a forced search algorithm for further MDR analyses in order
to build the best 𝑛-locus models in men with allergic asthma
and in both sexes with nonallergic asthma. Following this
approach, we obtained one statistically significant (empirical
𝑃 = 0.001) four-locus model comprising interactions
between CAT −21A>T, GPX2 G>A, GSR T>C, and IL5 C703T in men with allergic asthma. The model had a minimum
prediction error of 26.8 and a maximum cross-validation
consistency of 100%.
Figure 3 shows the dendrograms illustrating high-order
gene-gene interactions between the ADE loci in the pathogenetic variants of asthma in men and women. According
to the figure, there is a strong difference in the structure of gene-gene interactions between men and women.
In particular, synergistic interaction effect was found between
the GSR T>C and IL5 C-703T loci in men. Moreover, the CAT
−21A>T and GPX2 G>A gene polymorphisms had a strong
antagonistic effect on the risk of allergic asthma in men.
On the contrary, the hierarchical cluster analysis of the
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MDR data in women showed that the CYBA 640A>G, GPX4
C718T, and PON2 S311C gene polymorphisms have a strong
synergistic interaction effect on the risk of allergic asthma.
The EPHX1 Y113H and IL5 C-703T SNPs had a moderate
antagonistic effect on the allergic asthma risk in women.
Also, a relatively independent effect of the GPX1 P198L gene
polymorphism on the risk of allergic asthma was seen.
On the next step, a forced search algorithm was applied
to analyze all possible n-locus interactions in nonallergic
asthma. The best 4-locus model including GPX1 P198L, GPX3
G/A, CYBA −930A>G, and FMO3 E158K polymorphisms
was found in men (empirical 𝑃 = 0.01). The model had
a minimum prediction error of 26.1 and a cross-validation
consistency of 100%. The forced MDR analysis performed
in women revealed a model including GPX1 P198L, GPX2
G>A, EPHX1 Y113H, and IL5 C-703T polymorphisms with
a minimum prediction error of 28.1 and a cross-validation
consistency of 100% (empirical 𝑃 = 0.001).
3.4. Post Hoc Association Analysis of Two-Locus Genotype
Combinations. Then, we performed a post hoc comparison
of genotype frequencies between the case and control groups
with a focus on those ADE genes which were present in
gene-gene interaction models obtained using SAA and MDR
methods. Ten and nine two-locus combinations were found
to be associated with allergic asthma in men and women,
respectively (Table 5). However, only one genotype combination GPX4 718TC × CYBA 640AG achieved statistically
significant inverse association with the risk of allergic asthma
in women after adjustment for multiple tests (OR = 0.37;
95% CI 0.20–0.71; 𝑃adj = 0.002). Twelve and five two-locus
genotype combinations were found to be associated with the
risk of nonallergic asthma in men and women, respectively
(Table 6). Four two-locus genotype combinations showed
statistically significant associations with nonallergic asthma
in men after Bonferroni correction for multiple comparisons:
GPX1 198PL × CAT −21AA (OR = 11.45; 95% CI 2.49–52.66;
𝑃adj = 0.001), GSR TT × GCLM −588CT (OR = 11.58; 95%
CI 3.07–43.72; 𝑃adj = 0.0001), CAT −21AA × CYBA −930GG
(OR = 15.64; 95% CI 2.44–100.3; 𝑃adj = 0.001), and GCLM
−588CT × CYBA −930GG (OR = 6.71; 95% CI 2.5–17.96;
𝑃adj < 0.0001). One genotype combination EPHX1 113HH ×
IL5 −703CC showed a significant association with increased
risk of nonallergic asthma in women (OR = 8.58; 95% CI
2.43–30.26; 𝑃adj = 0.001).

4. Discussion
4.1. A Summary of the Study Findings. The main purpose of
our study was to investigate a comprehensive contribution of
ADE genes to genetic susceptibility to allergic and nonallergic
variants of BA. The single-locus analysis revealed that none of
the ADE genes was associated with the risk of asthma. However, using two bioinformatics approaches, we found multilocus gene-gene interactions which are associated with the risk
of allergic and nonallergic asthma in men and women in a
gender-specific manner. Further, post hoc analysis allowed
revealing two-locus combinations of genotypes which are
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Table 4: A summary of best 2-, 3-, and 4-locus models of gene-gene interactions obtained by MDR analysis in allergic and nonallergic asthma
(exhaustive search algorithm).
Number of loci

Best 𝑛-locus (2-, 3-, and 4-locus) models of gene-gene interactions

2
3
4

Allergic asthma (men)
CYP2E1 9896C>G × IL5 C-703T
CAT −21A>T × IL5 C-703T × GSR T/C∗
CAT −21A>T × GPX1 P198L × PON2 S311C × IL3 S27P

Cross-validation
consistency, %

Prediction error, %

40
50
30

52.5
50.3
53.6

Allergic asthma (women)
2
3
4

EPHX1 Y113H × IL5 C-703T
EPHX1 Y113H × IL5 C-703T × GPX1 P198L∗∗
EPHX1 Y113H × CYBA 640A>G × GPX4 C718T × PON2 S311C

50
50
20

45.8
40.9
50.1

2
3
4

Nonallergic asthma (men)
GPX3 G/A × GCLM −588C>T
GCLM −588C>T × GSR T/C × CYBA 242C>T
GPX3 G/A × FMO3 E158K × GPX1 P198L × CYBA −930A>G∗

30
20
30

52.3
57.0
49.2

2
3
4

Nonallergic asthma (women)
EPHX1 Y113H × IL3 S27P
EPHX1 Y113H × GSR T/C × SOD2 A16V
EPHX1 Y113H × GSR T/C × SOD2 A16V × CYBA 640A>G∗

30
60
90

46.7
45.5
27.4

∗

𝐼𝑛𝑑𝑖𝑐𝑎𝑡𝑒𝑠 best 𝑛-locus model of gene-gene interactions evaluated through 1000 permutation tests.
A statistically significant (𝑃 value 0.001) model of gene-gene interactions.

∗∗

Table 5: Associations of genotype combinations with risk of allergic asthma (stratified by gender).
Combinations of genotypes

𝑁

Allergic asthma
%

GPX1 198PL × GPX2 GG
GPX1 198PL × GSR TC
GPX1 198PL × CAT −21AA
GPX1 198PL × GCLM −588CT
GPX1 198PL × IL5 −703CC
GPX2 GG × CAT −21AA
GPX2 GG × IL5 −703CC
GSR CC × IL5 −703CC
CAT −21AA × IL5 −703CC
CAT −21AT × IL5 −703CT

34
20
7
12
18
12
38
17
9
6

53.1
31.3
10.9
18.8
28.1
18.8
59.4
26.6
14.1
9.4

NQO1 187PP × IL5 −703CC
NQO1 187PP × IL5 −703CT
NQO1 187PP × IL5 −703CC
NQO1 187PP × IL5 −703CT
EPHX1 113YY × IL5 −703CT
EPHX1 113YY × IL5 −703CT
GPX1 198PL × GPX4 718TT
GPX1 198PP × CYBA 640AG
GPX4 718TC × CYBA 640AG

43
18
43
18
9
9
11
13
18

46.7
19.6
46.7
19.6
9.8
9.8
12.0
14.1
19.6

1

Controls
𝑁
%
Men
38
36.2
19
18.1
2
1.9
6
5.7
13
12.4
7
6.7
44
41.9
11
10.5
3
2.9
28
26.7
Women
33
30.3
39
35.8
33
30.3
39
35.8
24
22.0
24
22.0
4
3.7
31
28.4
43
39.4

Chi-square (𝑃 value1 )

OR (95% CI)

4.66 (0.03)
3.88 (0.05)
4.77 (0.03)
5.80 (0.02)
6.58 (0.01)
4.67 (0.03)
4.86 (0.03)
7.44 (0.01)
5.97 (0.01)
6.36 (0.01)

2.00 (1.06–3.76)
2.06 (1.00–4.25)
5.40 (1.25–23.42)
3.64 (1.33–9.96)
2.77 (1.25–6.14)
3.13 (1.19–8.21)
2.03 (1.08–3.81)
3.09 (1.34–7.13)
5.01 (1.41–17.8)
0.30 (0.12–0.76)

5.75 (0.02)
6.46 (0.01)
5.75 (0.02)
6.46 (0.01)
4.59 (0.03)
4.59 (0.03)
3.83 (0.05)
5.97 (0.01)
9.33 (0.002)∗

2.02 (1.13–3.60)
0.44 (0.23–0.83)
2.02 (1.13–3.60)
0.44 (0.23–0.83)
0.40 (0.18–0.89)
0.40 (0.18–0.89)
3.31 (1.07–10.22)
0.41 (0.20–0.85)
0.37 (0.20–0.71)

𝑀𝑒𝑎𝑛𝑠 unadjusted 𝑃 value. 𝑃 value of 0.002 (𝑃adj : adjusted for multiple tests) was set as statistically significant (∗ a statistically significant association).
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0.006

0.05

0.005

0.04

0.004

P value

0.06

0.03
0.02

Pmin = 0.0042

0.003
0.002
0.001

0

0

Pmin = 0.0001

IL5 C-703T
EPHX1 Y113H
NQO1 P187S
GSR T>C
CYP2E1 7632T>A
MPO −463G>A
GPX2 G>C
GCLM −588C>T
IL9 T113M
IL1B −511C/T
GPX4 +2650T>C
IL3 S27P
CAT −21A>T
CYP2E1 9896C>G
IL3 −15C/T
CYBA 640A>G
GSTP1 A114V
CAT −262C>T
GPX3 G/A
PON1 Q192R

0.01
IL5 C-703T
GPX1 P198L
CAT −21A>T
EPHX1 H139R
GCLM −588C>T
IL3 S27P
IL3 −15C/T
IL1B −511C/T
CYBA 640A>G
MPO −463G>A
TNFA −308G/A
IL5RB G1972A
PON2 S311C
GSTP1 I105V
NQO1 P187S
CYP2E1 9896C>G
EPHX1 Y113H
IL9 T113M
SOD2 A16V
GSTM1 +/0

P value

10

Genes

Genes
(a) Men

(b) Women

P value

Pmin = 0.0003

0.0014
0.0012
0.001
0.0008
0.0006
0.0004
0.0002
0

Pmin = 0.0001

EPHX1 Y113H
GPX2 G>C
IL5 C-703T
IL13 −1111C/T
PON1 Q192R
IL3 S27P
TXNRD1 C/G
IL3 −15C/T
PON2 S311C
GPX3 G/A
GCLM −588C>T
IL1B −511C/T
GPX4 +2650T>C
IL9 T113M
CAT −21A>T
PRDX1 C/A
CYBA 242C>T
GPX1 P198L
FMO3 E158K
GSTT1 +/0

0.01
0.009
0.008
0.007
0.006
0.005
0.004
0.003
0.002
0.001
0

GCLM −588C>T
GSR T/C
CAT −21A>T
CYBA −930A>G
EPHX1 Y113H
CC16 A38G
EPHX1 H139R
IL13 −1111C/T
PON2 S311C
PON1 Q192R
CYBA 242C>T
CAT −262C>T
CYP1A1 T6235C
NQO1 P187S
PRDX1 C/A
GPX4 +2650T>C
FMO3 E158K
NQO1 R139W
GSTP1 A114V
IL9 T113M

P value

Figure 1: The results of statistical modeling of gene-gene interactions in allergic asthma using set association approach. Significance level of
𝑆𝑛 statistic as a function of the number n of SNPs in different genes which are included at each step for gene-gene interactions analysis. The
smallest significance level, 𝑃min , occurs with 5 SNPs in males and with 3 SNPs in females. The interacting genes in the models are circled in
red.

Genes

Genes

(a) Men

(b) Women

Figure 2: The results of statistical modeling of gene-gene interactions in nonallergic asthma using set association approach. Significance level
of 𝑆𝑛 statistic as a function of the number n of SNPs in different genes which are included at each step for gene-gene interactions analysis. The
smallest significance level, 𝑃min , occurs with 5 SNPs in males and with 2 SNPs in females. The interacting genes in the models are circled in
red.

significantly associated with allergic and nonallergic asthma
in both sexes. A majority of the susceptibility genes identified in our study represented antioxidant defense enzymes.
Moreover, interactions between ADE genes varied across
the pathogenetic variants of asthma and were different in
men and women suggesting both genetic heterogeneity and
gender-specific genetic effects in the disease susceptibility.
4.2. Genetic Heterogeneity of Asthma and Complexity of
Genomic Interactions Underlying the Disease. The observed
differences in gene-gene interactions between allergic and
nonallergic variants of asthma demonstrate a genetic heterogeneity of the disease, a situation in which the same or
similar phenotype of a complex disorder is caused by different

susceptibility genes [57]. It is well known that genetic heterogeneity is the general feature of many common diseases [58]
and may be explained at least partially by genetic differences
between human populations [9]. Bronchial asthma is a typical
example for complex multifactorial disease being characterized by genetic heterogeneity [59]. In fact, the models of
gene-gene interactions in the pathogenetic variants of asthma
overlap only partially, thereby reflecting, on the one hand,
possible differences in the molecular mechanisms of allergic
and nonallergic asthma and, on the other hand, the existence
of shared genes that determine common susceptibility to the
disease. In particular, three ADE genes such as GSR, EPHX1,
and GPX1 showed significant interaction in both variants
of asthma in both men and women (except for the GPX1
gene in nonallergic asthma in women); therefore, they can be
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Allergic asthma (men)

Nonallergic asthma (men)
GSR T>C

GPX3 G>A

IL5 C-703T

GPX1 P198L

GPX2 G>A

CYBA −930A>G

CAT −21A>T

FMO3 E158K
Nonallergic asthma (women)

Allergic asthma (women)
GPX1 P198L

GPX1 P198L

EPHX1 Y113H

GPX2 G>A

IL5 C-703T

EPHX1 Y113H

PON2 S311C

IL5 C-703T

GPX4 C718T
CYBA 640A>G

Synergy (the interaction between two SNPs provides more information than the sum of the individual SNPs)
Additive interaction between SNPs
Redundancy (the interaction between SNPs provides redundant information)

Figure 3: Dendrograms of gene-gene interactions in the pathogenetic variants of asthma (MDR method). Dendrograms show both
complexity and diversity of interactions between polymorphic genes of antioxidant defense enzymes in allergic and nonallergic asthma
(dendrograms are stratified by gender). Each dendrogram comprises a spectrum of lines representing a continuum from synergy (black)
to redundancy (gray) of gene-gene interactions. The lines range from bold black, representing a high degree of synergy (positive information
gain), thin black, representing a lesser degree, and dotted line representing the midway point between synergy and redundancy. On the
redundancy end of the spectrum, the highest degree is represented by bold gray (negative information gain) with a lesser degree represented
by thin gray.
Table 6: Associations of genotype combinations with risk of nonallergic asthma (stratified by gender).
Combinations of genotypes

Nonallergic asthma
𝑁
%

GPX1 198PL × CAT −21AA
GPX1 198LL × GCLM −588CT
GPX3 GA × FMO3 158KK
GPX3 GA × GSR TT
GPX3 GA × CAT −21AA
GPX3 GG × GCLM −588CT
GSR TT × GCLM −588CT
GSR TT × FMO3 158KK
CAT −21AA × CYBA −930GG
CAT −21AA × FMO3 158EE
GCLM −588CT × CYBA −930GG
CYBA −930GG × FMO3 158EE

6
4
5
6
5
11
8
4
5
4
12
7

20.7
13.8
17.2
20.7
17.2
37.9
27.6
13.8
17.2
13.8
41.4
24.1

GPX1 198PL × GPX2 GA
GPX2 GG × IL5 −703CT
GPX2 GA × IL5 −703CC
EPHX1 113YH × IL5 −703CT
EPHX1 113HH × IL5 −703CC

2
6
2
1
7

7.4
22.2
7.4
3.7
25.9

1

Controls
𝑁
%
Men
2
1.9
3
2.9
4
3.8
5
4.8
4
3.8
15
14.3
3
2.9
1
1.0
1
1.0
1
1.0
10
9.5
5
4.8
Women
0
0.0
56
51.4
0
0.0
24
22.0
4
3.7

Chi-square (𝑃 value1 )

OR (95% CI)

11.13 (0.001)∗
3.50 (0.05)
4.58 (0.03)
5.68 (0.02)
4.58 (0.03)
8.12 (0.004)
15.31 (0.0001)∗
7.16 (0.01)
10.55 (0.001)∗
7.16 (0.01)
16.8 (0.00004)∗
8.22 (0.004)

11.45 (2.49–52.66)
5.17 (1.20–22.31)
5.06 (1.37–18.99)
5.05 (1.49–17.14)
5.06 (1.35–18.99)
3.67 (1.47–9.28)
11.58 (3.07–43.72)
12.29 (1.84–82.03)
15.64 (2.44–100.3)
12.29 (1.84–82.03)
6.71 (2.5–17.96)
6.09 (1.85–20.05)

3.88 (0.05)
6.29 (0.01)
3.88 (0.05)
3.69 (0.05)
11.58 (0.001)∗

21.47 (1.00–461.1)
0.29 (0.11–0.74)
21.5 (1.00–461.2)
0.20 (0.04–1.09)
8.58 (2.43–30.26)

𝑀𝑒𝑎𝑛𝑠 unadjusted 𝑃 value. 𝑃 value adjusted for multiple tests (𝑃adj ) is less than 0.002 in men and 0.004 in women. ∗ A statistically significant association.
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considered as common susceptibility genes to asthma. While
the IL5 and PON2 genes showed an association only with
allergic asthma, none of the studied genetic polymorphisms
was found to be associated exclusively with the risk of
nonallergic asthma.
The results of gene-gene interactions analysis are consistent with observations of other genetic studies which demonstrated an importance of ADE genes for asthma pathogenesis.
In particular, we confirmed a potential role in the pathogenesis of asthma for CYBA and CAT genes that was associated
with asthma in Czech [60] and Canadian [61] populations,
respectively. In addition, the associations of asthma with
the IL5 C-703T polymorphism in Russians from the city of
Tomsk [35] and IL1B −511C>T in the Canadian Asthma Primary Prevention Study [62] have been successfully replicated
in our study. Our study is consistent with the observation that
glutathione-S-transferase genes M1, T1, and P1 alone and in
combination with other ADE genes do not play a substantial
role in the development of BA [63]. We also found for the
first time genetic polymorphisms of the GSR and PON2 genes
can be important determinants of susceptibility to asthma,
but their associations need to be confirmed in independent
populations. Further studies should also be focused on the
analysis of gene-gene interactions to better understanding the
role of ADE genes in asthma pathogenesis. In the study of
Millstein et al. [16], interactions between the NQO1, MPO,
and CAT genes have been identified in ethnically diverse
cohorts of patients with childhood asthma, whereas markerby-marker analysis did not reveal the associations of these
genes with disease susceptibility. This means that markerby-marker approach ignores the multigenic nature of BA
and does not evaluate a complexity of interactions between
susceptibility genes.
Comparing the results obtained by the three statistical
approaches to the analysis of gene-gene interactions, we can
say that, despite gender-specific effects of genotypes on the
pathogenetic variants of the disease, each of the methods
showed own uniqueness and efficacy in the detecting genes
associated with asthma risk. In our point of view, the
advantage of SAA method is its capacity in the identification
of “gene dosage effects” of different sets of ADE genes on
asthmatic phenotype. Meanwhile, MDR method, especially
its cluster technique, was found to be powerful in the detecting high-order epistatic interactions between ADE genes and
their synergic and antagonistic effects on the asthma risk. The
variability in the structure of gene-gene interactions models
across the pathogenetic variants of asthma can be partially
explained by differences in bioinformatic approaches to the
analysis of multiple genes. Apparently, a similarity in genegene interactions between the models obtained by the two
different bioinformatic tools may be explained by strong
effects of particular genes on the asthmatic phenotype. This
means that strong phenotypic effects of the CAT, GPX1,
GSR, GCLM, EPHX1, CYBA, and IL5 genes (they showed
the similarity between the models) may be considered as
major gene effects. And, finally, a post hoc comparative
analysis of the frequencies of genotype combinations was
useful in the detection of ADE genes with low or moderate
effects on asthma as well as the unique combinations of ADE
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genotypes strongly associated with disease susceptibility. In
particular, the PON2, GPX2, GPX3, GPX4, NQO1, FMO3,
SOD2, and IL3 genes showed low or moderate effects on
asthma risk and may represent a polygenic background of the
disease susceptibility. Thus, the methods complemented each
other and contributed to the understanding of the polygenic
nature of asthma and complexity of gene-gene interactions
underlying the asthmatic phenotypes. Due to the fact that
there is no universal method for comprehensive analysis of
gene-gene interactions in genomic epidemiology, it makes
sense to use several methods, as it has been successfully
applied in the present study.
The dendrograms obtained by MDR technique (Figure 3)
clearly showed complex and hierarchic pattern of interactions
between ADE genes constituting the polygenic basis of the
pathogenetic variants of asthma. In particular, the GSR T>C
and IL5 C-703T genes in men and the CYBA 640A>G,
PON2 C311S, and GPX4 C718T loci in women had the
highest degree of synergy in their interactions to determine
the susceptibility to allergic asthma, whereas the highest
degree of synergy in gene-gene interactions in nonallergic
asthma in men was found for the CYBA −930A>G, FMO3
E158K, and GPX1 P198L loci. In contrast, a different degree
of redundancy (antagonism) in gene-gene interactions was
observed between the CAT −21A>T and GPX2 G>A loci in
men and between the EPHX1 Y113H and IL5 loci C-703T in
women with allergic asthma, as well as between the GPX1
P198L, GPX2 G>A, EPHX1 Y113H, and IL5 C-703T loci in
women with nonallergic asthma. Interestingly, the EPHX1
Y113H and IL5 C-703T genes showed an antagonistic character of gene-gene interactions exclusively in women with
both pathogenetic variants of asthma. Notably, the EPHX1
Y113H genotypes did show the association with asthma risk
in single-locus analysis performed in our previous study (𝑃 =
0.21 df = 2) [19]. A strong synergism or antagonism in the
interaction between the ADE genes in determining different
types of asthma may suggest that the gene-gene effect can be
driven by their true interaction, rather than by the main effect
from the distinct gene. These findings may indicate epistatic
interactions of the ADE genes, a situation when the effect of
one gene may not be disclosed if the effect of another gene is
not considered [64].
A post hoc comparative analysis of the frequencies of
genotype combinations in the study groups revealed twolocus combinations of the ADE genotypes which increase the
risk of the development of asthma. We found relatively rare
combinations of genotypes which gave the highest asthma
risk estimates but were limited to small subgroups of subjects.
In particular, frequencies of these genotype combinations
varied from 1 to 9% among healthy controls and from 17 to
41% among patients with nonallergic asthma, whereas odds
ratios for disease risk varied from 6.7 to 15.6. Moreover,
there was an obvious excess of combinations of variant
genotypes among asthma patients compared with healthy
subjects, and these differences reached statistical significance
after adjusting for multiple tests.
4.3. Genetic Variation in ADE Genes and Asthma Pathogenesis. Despite nonsignificant differences in the genotype
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distributions, the two-locus comparison of genotype frequencies between the study groups has shown that asthma
patients more often than healthy subjects carry combinations
of the genotypes which are known to determine a diminished
activity of ADE towards ROS. This is supported by a number
biochemical studies that observed massive generation of ROS
and the insufficiency in antioxidant capacity in asthma [65–
68]. In this context, it is important to highlight that the studied ADE genes alone cannot account for the whole polygenic
mechanisms underlying such biochemical abnormalities in
asthma. The interactions between ADE genes that we have
identified using different statistical methods make a mechanistic sense because these genes are collectively involved
in the maintaining and regulation of redox homeostasis.
Moreover, the integrated function of ADE genes in the lung
and airways can promote a coordinated detoxification of
xenobiotics-induced ROS, thus preventing oxidative stress
which plays an important role in the pathogenesis of asthma
[21, 24, 51, 69]. Importantly, ADE genes showed interactions
with other asthma-related genes such as IL5 and IL1B which
are responsible for the immunological mechanisms of asthma
and allergy.
Based on the literature data demonstrating biochemical
abnormalities in redox homeostasis in asthma and the results
of our study, we assumed possible relationships between these
abnormalities and ADE genes showed the associations with
asthma in our study (the data are shown in Table 7). Changes
in the activity of antioxidant defense enzymes such as
glutathione peroxidases and catalase in whole blood, plasma,
platelets, and bronchoalveolar lavage fluid have been reported
by a number of biochemical studies, the findings which are in
accordance with our results demonstrating the relationship
between the genes for these enzymes and the risk of different pathogenetic variants of asthma. Briefly, an enhanced
production of ROS by blood neutrophils, monocytes, and
eosinophils found in asthma can be explained by the effects
of functional polymorphisms in the gene encoding p22 phox
subunit (CYBA) of NADPH oxidase. Genetic variation in the
GSR and GCLM genes may be responsible for biochemical
perturbations of glutathione metabolism such as an increased
level of oxidized glutathione in asthma. Polymorphisms of
the EPHX1 gene determine the increased activity of the
enzyme, thus leading to the enhanced production of reactive
semiquinones.
Although we did not perform biochemical investigations
of antioxidant status, taking the observed association of
asthma with the ADE genotypes and their functional significance into account, it is likely that an imbalance between
oxidants and antioxidants detected in asthma can be directly
related to genetically diminished capacity of ADE. Such an
imbalance results in oxidative stress caused by an excessive
production of ROS and/or by inadequate antioxidant defense
leading to damage of airway epithelial cells and inflammation due to upregulation of redox-sensitive transcription
factors and proinflammatory genes [22, 24]. We may also
conclude that ADE genes seem to play a greater role in
the development of nonallergic asthma than in allergic
asthma.
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4.4. Gender-Specific Effects of ADE Genes on Susceptibility to
Bronchial Asthma. An important finding of our study was
that polymorphisms of many ADE genes showed sex-specific
associations with the development of asthma. For instance,
the CAT −21A>T and GCLM −588C>T gene polymorphisms
were associated with asthma susceptibility exclusively in
men. In contrast, polymorphism 640A>G of the CYBA gene
showed a relationship with asthma risk only in women.
These findings demonstrate sexual dimorphism in genetic
susceptibility to asthma, a phenomenon established for many
complex human diseases [70, 71] including asthma [72]. It has
been proposed that existing variation in regulatory elements
of genes rather than differences in their structure in men
and women may explain sex-specific genotype-phenotype
interactions in complex traits [70, 73]. Sex-specific changes
in age-related gene regulation can result in the difference
in asthma susceptibility between the sexes [70]. We suggest
that the mechanisms underlying gender-related specificity in
the associations of ADE genes with BA found in our study
are related to differential expression of redox-sensitive genes
in men and women. Since estrogen was found to depress
oxidative stress in mice [74], sex-steroid receptors might be
an example of sex-specific trans-regulatory elements [75]
for redox-sensitive genes which in turn may differentially
respond to the inducers due to their functionally unequal
polymorphic alleles. This means that ADE genes can function
differently in men and women in some circumstances. This
suggestion is supported by the finding of gender difference
in both expression and activity of antioxidant enzymes
demonstrated in animal studies [76, 77]. Therefore, it can
be concluded that identification of gender-specific genetic
variants of ADE, which contribute to the shift of redox
homeostasis towards oxidative stress, will provide a better
understanding of sex-specific regulation of ADE gene expression and differences in the molecular mechanisms of asthma
in men and women.
4.5. Limitations of the Study. The study has limitations. Due
to the relatively small sample sizes of the studied groups,
the association analysis of two-locus genotype combinations
was underpowered, especially after Bonferroni adjustment
for multiple tests. Because of the limited sample size, we
also cannot exclude the possibility that small effects of
some ADE genes were not detected. Since BA is a multifactorial and genetically heterogeneous disease [78, 79],
further studies with larger sample sizes with genotyping
of more polymorphic variants of ADE genes are required
for better understanding of the roles of these genes in
asthma pathogenesis. Because we did not analyze expression
profiles of the genes and biochemical parameters of redox
homeostasis, both functional genomics and metabolomics
studies are required to clarify the molecular mechanisms
by which polymorphisms of ADE genes contribute to the
development of BA. Since the risk of BA is determined
by a complex interplay between genetic and environmental
factors, further genetic studies should take into account
environmental factors that may play a significant role in the
etiology of the disease.

EPHX1

GPX1
GPX2
GPX3
GPX4
CAT
CYBA (640A>G)
CYBA (−930A>G)
GSR
GCLM

ADE gene related with the abnormality

++

+++

Allergic asthma
Men
Women
+++
++
++
−
−
−
−
+
+++
−
−
+
−
−
++
−
++
−

++

+++

Nonallergic asthma
Men
Women
++
++
+++
++
−
−
−
++
−
−
−
+++
−
+++
−
+++
−

The number of pluses means a degree of the relationship between the gene and asthma risk. These measures reflect how many times a particular gene showed the link with asthma risk through the three methods
used for evaluation of gene-gene interactions in the present study, namely, set association approach (SAA), multifactor dimensionality reduction (MDR) method, and post hoc association analysis of two-locus
genotype combinations (AAGC): + + + means that the link was found thrice (i.e., using SAA, MDR, and AAGC methods); + + means that the link was found twice (i.e., using SAA or MDR and AAGC methods);
+ means that the link was found once by AAGC method. Associations are stratified by asthma type and gender.

An enhanced production of ROS/hydrogen
peroxide/superoxide anion radicals [22, 44–50].
Perturbations in glutathione (GSH) homeostasis
[41, 48, 50–52].
Increased EPHX1 activity, increased production of
xenobiotics-generated epoxides, trans-dihydrodiols and
reactive semiquinones resulting in ROS generation [53, 54].

Diminished capacity of glutathione peroxidases and catalase
in detoxification of hydrogen peroxide [22, 38–43].

Biochemical abnormalities in asthmatics [references]

Table 7: Common biochemical abnormalities in redox homeostasis found in asthma and their possible relationship with genes for antioxidant defense enzymes which have been associated
with risk of the disease in the present study.
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5. Conclusions
To the best of our knowledge, this is the first study investigating the associations between BA and 34 functionally
significant polymorphic variants of ADE genes and 12 other
candidate genes. So far, no genetic studies have reported
a comprehensive evaluation of asthma susceptibility with a
number of ADE genes at once. Methodological approaches
used in this study were proved fruitful in uncovering the
genetic architecture of complex interactions between genes
involved in the regulation of redox homeostasis. This allowed
finding for the first time that antioxidant defense enzymes
genes are collectively involved in the molecular mechanisms
of BA and can explain genetic heterogeneity between allergic
and nonallergic variants of the disease. In particular, we
found for the first time that the GSR and PON2 genes can
be referred to as novel asthma susceptibility genes, but their
associations need to be confirmed in independent populations. We also showed both complexity and diversity of genegene interactions in allergic and nonallergic asthma. Finally,
we have discovered gender-specific effects of ADE genes for
the risk of the pathogenetic variants of asthma. Altogether
the study results provide strong evidence for the pathogenetic
role of ADE genes in asthma. Our data on the relationship of
the ADE genes and asthma are concordant with the results of
a number of biochemical studies demonstrating the massive
generation of ROS and the insufficiency in antioxidant capacity which have been implicated in pathogenesis of asthma.
Further studies focusing on the molecular mechanisms
regulating redox homeostasis can provide more complete
understanding of the role of the ADE genes in bronchial
asthma and end up in the discovery of new drug targets for
antioxidant treatment and prevention of the disease.
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